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Abstract
Current research concentrates on ways to investigate and improve water productivity
(WP), as agriculture is today’s predominant freshwater consumer, averaging at 70% and
reaching up to 93% in some regions. A growing world population will require more food
and thus more water for cultivation. Regions that are already affected by physical water
scarcity and which depend on irrigation for growing crops will face even greater challenges
regarding their water supply. Other problems in such regions are a variable water supply,
inefficient irrigation practices, and over-pumping of available groundwater resources with
other adverse effects on the ecosystem. To face those challenges, strategies are needed that
use the available water resources more efficiently and allow farming in a more sustainable
way.
This work focused on the management of sensor-based deficit irrigation (DI) systems
and improvements of WP through a combined approach of simulation-optimization and
irrigation experiments. In order to improve irrigation control, a new sensor called pF-meter
was employed, which extended the measurement range of the commonly used tensiometers
from pF2.9 to pF 7.
The following research questions were raised: (i) Is this approach a suitable strategy
to improve WP; (ii) Is the sensor for irrigation control suitable; (iii) Which crop growth
models are suitable to be part of that approach; and (iv) Can the combined application
with experiments prove an increase of WP?
The stochastic simulation-optimization approach allowed deriving parameter values for
an optimal irrigation control for sensor-based full and deficit irrigation strategies. Objective
was to achieve high WP with high reliability. Parameters for irrigation control included
irrigation thresholds of soil-water potentials because of the working principle behind plant
transpiration where pressure gradients are transmitted from the air through the plant and
into the root zone.
Optimal parameter values for full and deficit irrigation strategies were tested in irrigation
experiments in containers in a vegetation hall with drip irrigated maize and compared to
schedule-based irrigation strategies with regard toWP and water consumption. Observation
data from one of the treatments was used afterwards in a simulation study to systematically
investigate the parameters for implementing effective setups of DI systems.
The combination of simulation-optimization and irrigation experiments proved to be
a suitable approach for investigating and improving WP, as well as for deriving optimal
parameter values of different irrigation strategies. This was verified in the irrigation
experiment and shown through overall high WP, equally high WP between deficit and
full irrigation strategies, and achieved water savings. Irrigation thresholds beyond the
measurement range of tensiometers are feasible and applicable. The pF-meter performed
satisfactorily and is a promising candidate for irrigation control. Suitable crop models for
being part of this approach were found and their properties formulated. Factors that define
the behavior of DI systems regarding WP and water consumption were investigated and
assessed.
This research allowed for drawing the first conclusions about the potential range of
operations of sensor-based DI systems for achieving high WP with high reliability through
its systematical investigation of such systems. However, this study needs validation and is
therefore limited with regard to exact values of derived thresholds.
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1 Introduction
1.1 Current State and Projected Future Development of Water
Consumption
On a global scale, agriculture is the greatest consumer of freshwater with nearly 70% of the
available water resources being used in this sector (WWAP 2014, Fig. 1.1). The water is
consumed for the production of food, fiber, and feed where it is used through transpiration.
This also includes losses through evaporation of water from soil surfaces or open water
surfaces that are connected to agriculture, such as from reservoirs, furrows, or canals used
for irrigation (WWAP, 2012). In arid regions, the proportion of water used for agriculture
may even reach up to 90% (FAO, 2013).
Source: AQUASTAT
Geographic Projection
The designations employed and the presentation of material in the map
do not imply the expression of any opinion whatsoever on the part of
FAO concerning the legal or constitutional status of any country,
territory or sea area, or concerning the delimitation of frontiers.
Disclaimer
Legend
No Data < 25 25 - 50 50 - 75 75 - 90 > 90 %
Figure 1.1: Agricultural water withdrawal as percentage of total water withdrawals for
agricultural, domestic, and industrial purposes (around 2006, modified after
FAO 2013).
Despite that more than 40% of the world’s food production is irrigated and produced
on less than 20% of the cropped land, irrigated crop yields are about 2.7 times higher
compared to rainfed farming. Therefore, irrigation will continue to play a critical role in
future food production. Even though there is enough water available worldwide to support
future development, there are regions with severe water scarcity, already affecting billions
of people that do not have enough water to meet all demands (WWAP 2012). This also
includes areas where water is available in abundance but overcommitted to users and user
groups because of an overdevelopment of water-related infrastructure (Molden, 2007).
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The projected increase of the Earth’s population will intensify the competition between
the water sectors, i.e., the use of water for agriculture, industry, and municipalities. The
development of the population over the past 50 years led to an increase in wealth and
thus a change in dietary plans (e.g., a higher consumption of meat), accompanied by the
consumption of more water, and it is believed that the booming demand for livestock will
continue and leave an even larger water footprint. The increased use of water resources
will affect and constrain the production of food due to a lack of water (Molden 2007).
However, food production will need to increase by 60% in order to meet the future demand
(Alexandratos and Bruinsma 2012).
In 2011-13, 842 million people still suffered from food insecurity, from which 827 million
lived in developing regions alone (FAO et al. 2013). Until 2050, it is expected that the
agricultural water consumption for irrigated and rainfed systems will increase by 20%,
from which 11% will come from irrigation (WWAP 2012). Increases will mostly take place
in already water-stressed regions and it is believed that without improvements in water
productivity (WP) or major shifts in production patterns, increases in evapotranspiration
(ET) will reach up to 70-90% by 2050 (Molden 2007).
Over the past decades, increases in WP were largely due to increases in crop yields. For
the coming decades, however, major changes in policy, water rights, production techniques,
and management are needed to release unexplored potentials and ensure that the growing
demand for food and agricultural products are met. This cannot necessarily be done by
only increasing the cropped area. Investments in both rain-fed and irrigated agriculture
are needed that increase productivity and crop yields (WWAP 2012).
The prospect of feeding 9.5 billion people by 2050 (UNDESA 2014) needs strong and
determined measures. Among such is the improvement of the productivity of many existing
lands under irrigation and the modernization of irrigation systems, which would lower
the demand for more water in those regions or the need for further expansion of the
irrigated area, especially for low productivity systems. An increase in WP would also
limit environmental degradation besides the further lessening of the competition for water.
Improvements include: (i) a more reliable and precise distribution and application of
irrigation water (such as from drip irrigation), (ii) the use of supplemental or deficit
irrigation (DI), and (iii) improvement of soil fertility or practices that conserve soil. Such
measures, and their integrated combination in particular, are effective and able to close
the gap in agricultural productivity, thus enabling a higher productivity and sustainable
irrigation while minimizing the adverse impacts on ecosystems (Molden 2007).
1.2 Investigations of Water Productivity
Investigations about WP include the observation of crop yields, water consumption, and
plant development under different regimes of water supply. This is accomplished in irrigation
and crop growth experiments where focus is put on the effects of different levels of drought
stress on the plant. From the evaluation of those experiments, management strategies are
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derived and recommendations regarding preferred irrigation practices for different crops
given.
Conducted experiments follow a standardized procedure with an experimental design
that minimizes random errors and variability, and increases robustness of the investigation.
This is achieved by randomization, blocking, and replication of investigated treatments
to account for statistical variations in the experiment. The design which incorporates all
this is called a randomized complete block design (RCBD), a common and well established
design for all kinds of investigations (Montgomery 2013).
Historically, such irrigation experiments are based on calculations of the soil-water
balance and water reapplied as a fraction of the actual ET of the crop. Those fractions (in
the experiment referred to as treatments) are often chosen arbitrarily and resulting crop
yields for the different levels of water supply observed. Experiments, in which threshold
values for triggering irrigation are investigated, are limited to applying little drought stress
to the crop and only in the range of commonly used tensiometers.
A lot of effort has been put into studying irrigation management practices and finding
suitable strategies for improving WP. However, solutions and recommendations for irri-
gation management are numerous, diverse, and ambiguous, without a clear direction of
improvement. Experiments often seem to be carried out as trial and error investigations
with regard to the level of applied water to the crop. Naturally, irrigation experiments are
expensive and laborious. This makes investigating large numbers of different treatments
rather impractical, and hence limiting irrigation experiments in their application. In
addition, irrigation experiments are generally limited to the environmental conditions in
which they were carried out and cannot account for other possible combinations of water
stress and yield-affecting factors (e.g., from boundary conditions), present as well as future.
Mere irrigation experiments do also not seem sufficient to explain all the findings and
present no clear solution on how to improve WP. Nevertheless, irrigation experiments are
required for a comprehensive and systematical investigation of water supply and effects on
the crop and for determining which input variables are responsible for a certain response or
change. Such systematical investigations seem still to be missing (McCarthy et al. 2013).
Due to those limitations, WP is also investigated in simulation studies by employing
so-called soil-vegetation-atmosphere-transfer (SVAT) models that simulate crop growth and
yield development as well as water movement through soils in order to examine effects of
drought stress on crop production. SVAT models offer the opportunity to investigate yield-
affecting factors, to generalize results from experiments, and to make them transferable
to other sites. A calibrated and validated SVAT model allows scenario analyses and the
investigation of the effects of variables and factors on crop growth, water consumption, and
others. In addition, this lessens the need for high numbers of experiments and reduces the
experimental expenditures in such undertaking.
Despite the benefits that simulation models provide, they still seem only little regarded
and underrepresented in current research when investigating WP.
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1.3 Measurement of Soil-Water Status by Sensors
Processes or systems are probed by sensors in order to obtain or collect information about
it. It is essential for gaining a deeper insight into that process or system. Besides that,
sensors are used for data acquisition through which they provide valuable and indispensable
input data for simulation efforts of the respective process or system (Montgomery 2013).
When dealing with the investigation of effects of water stress on plants, a precise and
thorough definition of examined treatments is needed. It requires suitable sensors for
detection and precise measurements in order to observe effects of a differing water supply
on the water status of soil and plants. The conditions within an experiment in terms of
the treatment and the effects on the crop are essentially defined by measurements (Jones
2007).
Measuring the water status is necessary for the formulation of any hypotheses and their
proving or disproving such as mechanisms in plants when dealing with drought stress and
adaptive responses to that stress. It is thereby important to measure the water status that is
relevant to the physiological process of interest. Measurements should generally be purpose-
oriented. This could be for the practical management of crops such as irrigation scheduling,
the investigation of mechanisms of water movement through the soil, mechanisms involved
in effects of drought stress on crop growth and physiology or the tolerance to different
levels of water supply on distinct crop varieties (Jones 2007).
The principle behind measuring the soil or plant water status is based on either the
amount of water or its energy, which is, when looking at the soil-water status, either the soil-
water content or the soil-water potential. Measurements for the first can be taken directly
or indirectly and a variety of sensors are available. Also widely adopted is the use of sensors
for estimating the soil-water balance. Difficulties with soil-water content measurements
arise as they do not allow making assumptions with how much effort the water is available
to the plant. Hence measuring the soil-water potential is used to circumvent that problem.
The most common sensor for measuring the soil-water potential is the tensiometer, which
is accurate, relatively inexpensive and quick in response to changes of soil-water potential
but also limited in its measurement range (Jones 2007).
In general, when used for crop management, sensors for soil-water content and soil-water
potential seem to find their application mostly in full irrigation (FI) systems.
1.4 Irrigation Scheduling and Control
Irrigation scheduling is making a decision about when to irrigate and how much water
is applied during that irrigation. This decision depends mostly on the amount of water
needed by the crop.
A standard method for irrigation scheduling is based on soil-water balance calculations
and is recommended by the Food and Agriculture Organization for its relatively simple
application. This ‘checkbook’ method determines the crop water demand from calculations
of the reference ET and a crop-specific coefficient. Rainfall is also taken into account. The
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amount of water that can be stored in the soil and the stress the crop is able to sustain
affects the irrigation amount and irrigation interval (Allen et al. 1998). The calculations
are based on estimating the available soil-water for crop consumption and may be based
on or supported by actual soil-water content measurements.
Other means of irrigation scheduling are based on the plant-water status, such as tissue
water, sap flow, or stomatal conductance (Jones 2004), or the soil-water status, either in
soil-water contents or soil-water potentials. Using soil-water content measurements is very
common. However, it is justifiable to look at soil-water potentials for irrigation scheduling
and control. It is more process-oriented because pressure gradients between soil, plant and
atmosphere are the driving force between plant transpiration. The plant takes water up
through its roots from the root zone and uses this water for transpiration. This changes
the pressure gradient (or potential) in the root zone and results in soil-water from outside
the root zone flowing into the root zone. This replenishes the already consumed water and
thus balancing the potential gradient again. These fluctuations of the soil-water potential
can be observed and used for irrigation scheduling.
Irrigation controlling strategies involve the question of how to apply a certain amount of
water for irrigation efficiently, and at the same time, deal with the amount of water of that
certain irrigation in order to optimize water use and/or achieve a certain crop objective.
Control strategies can either be open-loop, where there is no feedback from the system
output to regulate the control, or closed-loop, where the system response is monitored and
used to regulate the control. Closed-loop strategies may use sensors to adjust the soil-water
content of a field, or plant sensors to decide when to irrigate or a certain stress point is
reached. It may also involve a calibrated crop growth model to sustain a certain soil-water
deficit or to maximize the crop yield, profit, or WP (McCarthy et al. 2013).
Two approaches can be distinguished: (i) sensor-based and (ii) model-based irrigation
control. Control strategies are sensor-based when measurements are used directly to make a
decision whether to irrigate or not. Control strategies are described to be model-based when
a model assists in that decision, often supported by sensor input. Model-based strategies
are generally more realistic when using process simulation models for crop production
rather than black box models. They can also be used to aim for a specific end of season
target or characteristics.
Both approaches have different sensor prerequisites and different data requirements.
One data type in sensor-based strategies may hardly be sufficient for optimal water
applications or crop performance but is necessary if data availability is low. Daily or sub-
daily measurements may already allow the irrigation timing to be determined. A real-time
control system for irrigation control is likely based on a model-based approach and ideally
incorporates data from weather, soil-water contents, and plant data for model calibration.
Multiple sensors are used to obtain information about soil, water, and atmosphere to
identify optimal water applications in crop growth models. Data has to be collected during
different stages of crop growth for an appropriate model calibration. However, using that
full data set for model calibration does not seem to be common (McCarthy et al. 2013).
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Ideally, a complete solution for irrigation control should come from a closed-loop and
model-based strategy, which involves all relevant variables in the soil-vegetation-atmosphere
system (Romero et al. 2012). Most strategies focus on adjusting soil-water contents.
Crop growth models and soil-water movement should be tested prior to their use in
field experiments. When optimizing irrigation, predicted weather and estimations of a
changing climate should be included (closed-loop with disturbance). This has rarely
been accomplished in irrigated agriculture. An exception is the controlled environmental
conditions in greenhouses. However, the focus seems to mainly be put on FI, i.e., high and
reliable crop yields, rather than high WP.
1.5 Gaps and Objectives
Despite the numerous efforts and investigations that are undertaken to improve irrigation
systems, and along with it, crop production and WP , some of the following gaps can be
summarized in current research:
• conducted irrigation experiments seem mostly to be of trial and error in nature until
now where investigations of the level of water supply to the crop range from FI or no
stress to little stress only
• sensors that are used for irrigation control find their application mostly in FI systems
only
• modeling irrigation experiments for investigations of WP is underrepresented and
the full potential when combining with irrigation experiments not explored yet
• systematical and comprehensive investigations of full and DI systems for improving
WP are missing
These gaps are addressed in this work by a comprehensive investigation of sensor-based
DI systems and the potential for improving WP through a combined approach of SVAT-
modeling/simulation, optimization, and irrigation experiments (Fig. 1.2). Different full and
DI management strategies are investigated which are derived from a simulation-optimization
approach that allows conducting a model-based design of the irrigation system and finding
optimal values for a sensor-based irrigation control. A new sensor is employed that controls
irrigation by measuring the soil-water potential in a larger range. Gathered observation
data (i.e., soil-water status, weather, and crop yield) are used to recalibrate and improve
the applied model and conduct a systematical investigation of the potential of DI systems.
The objectives of this thesis are in detail:
1. Evaluation of the proposed strategy for its suitability to investigate and improve WP.
2. Identification of suitable crop growth models for the simulation and optimization of
the management of DI systems.
3. Test of the employed sensor for its suitability for irrigation scheduling and control.
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Figure 1.2: Schematic for comprehensively investigating and improving WP in DI sys-
tems through a combination of SVAT-modeling/simulation, optimization,
and irrigation experiments under employment of a new sensor for irrigation
scheduling and control along with the relationship of each component to each
other.
4. Comprehensive investigation of sensor-based full and DI management strategies in
irrigation experiments whose parameters for irrigation control were derived from the
simulation-optimization framework.
5. Evaluation whether this combined application shows an increase of WP in irrigation
experiments.
6. Evaluation of factors that determine the behavior of the irrigation system and in
what way, regarding water consumption and WP, from irrigation experiments.
7. Systematical, model-based investigation of DI systems and their range of operations
in order to attain high WP.
1.6 Outline of this Work
This thesis is divided into eight chapters. Chapter 2 presents an overview of the state
of the art and underlines the gaps in current research through a look at other studies.
Chapters 3 and 4 provide the theoretical background as well as principles and tools when
investigating and improving irrigation systems. The concept of this work and individual
steps that were undertaken to achieve pursued objectives are presented and explained in
chapter 5. Chapter 6 summarizes the content of the publications that originated from
this investigation. It is followed by chapter 7, in which a summary of the whole work is
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provided as well as conclusions presented. The final chapter gives an outlook about further
work and ways for improvement of sensor-based DI systems.
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The interest in the scientific community for DI and the dealings with a severely limited
water supply can be traced back to English (1990). The following sections give an overview
of conducted research in literature in terms of investigations of DI systems, their WP, and
improvements in such. Focus is put on irrigation experiments that use soil-water balance
methods for irrigation scheduling and soil-water potential thresholds for irrigation control.
The overview goes on with studies that coupled irrigation experiments with simulation and
optimization methods or conducted mere simulation studies, respectively.
2.1 Performance of Deficit Irrigation Systems
There are numerous studies regarding WP for different crops. A comprehensive overview
of conducted field experiments, where WPET for major crops was determined, is shown
in Zwart and Bastiaanssen 2004. Values of WPET range from 0.6 – 1.7 kgm-3 for wheat,
0.6 – 1.6 kgm-3 for rice, 0.41 – 0.95 kgm-3 for cotton seed and 0.14 – 0.33 kgm-3 for cotton
lint, and 1.1 – 2.7 kgm-3 for maize. The wide range in values of WPET for some of the
crops suggest great potential for improvements of irrigation systems that still run with
low productivity and thus little efficient. Accordingly, Molden et al. (2010) and Fraiture
and Wichelns (2010) see great potential for improvements through techniques such as
water harvesting, supplemental irrigation, precise irrigation techniques, better cultivation
practices, but also through DI.
2.2 Investigations of Irrigation Scheduling and Control in
Irrigation Experiments
For DI to be effective precise irrigation scheduling is needed (Jones 2004) and numerous
experiments were conducted to provide management suggestions.
Disregarding plant-based methods and focusing on the soil, many studies exists that
use soil-water balance calculations to determine the best irrigation scheduling. Looking
at maize for instance, Farsiani et al. (2011) investigated the effects of different sowing
dates and water supply levels on grain yields in Iran where an accumulated evaporation of
70mm (control), 120mm (moderate water stress), and 170mm (severe water stress) from a
class A pan was chosen before irrigating again. It was concluded to use moderate water
stress since no significant reduction in grain yields were observed compared to the control
group. However, that treatment used less water in total. Domı´nguez et al. (2012) applied
different water application rates, expressed as actual over potential ET, during different
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development stages of the crop and concluded with a maximum difference of 0.3 suggesting
to carry out more experiments for better adjustment of that value. Oktem et al. (2003)
used a class A pan to set different levels of deficit for determining the highest water use
efficiency (WUE) for growing sweet corn and concluded using a 2-day irrigation cycle and
100% ET for irrigation. Applying water should be done with a drip irrigation system for
semi-arid regions. Payero et al. (2006) tested different potential crop ET rates, ranging
from 37 to 91%, in the US Great Plains but found DI not to be a viable strategy to further
increase crop WP under such already limiting conditions.
Combinations of more than one factor, such as ET and maximum allowable soil depletion
(MAD), were also investigated. Panda et al. (2004) used levels of MAD between 10 and
75% and recommended using the upper 45 cm of the soil for irrigation scheduling for sandy
loam under subtropical conditions and to avoid a MAD greater of than 45%.
Investigations that look at the soil-water status for irrigation scheduling and concentrate
on soil-water potentials applied as irrigation thresholds include Wang et al. (2007a,b).
A tensiometer that was installed at the 20 cm depth below a drip emitter, controlled
irrigation for tomato and potato with thresholds ranging from -100 to -700 hPa. The
studies concluded with using a threshold of -500 hPa for tomato in order to achieve highest
WPET and -250 hPa for potato. Another study with a tensiometer installed at the depth of
20 cm was conducted by Shock et al. (2000) who investigated drip-irrigated onion. Levels
of soil-water potentials between -100 and -700 hPa were applied. The study recommended
that the soil-water potential should be maintained between -100 and -200 hPa. For maize,
Steele et al. (1994) tested different irrigation scheduling strategies and found a threshold of
-500 hPa to be highest yielding. Rivera-Herna´ndez et al. (2010) tested irrigation thresholds
in the range of -50 and -800 hPa including different levels of phosphate fertilization. An
irrigation threshold of -300 hPa was the most effective. The senors that controlled irrigation
were placed at the 30 cm depth.
2.3 Coupling with Simulation-Optimization
Investigation where irrigation experiments were coupled with SVAT-modeling include
Khaledian et al. (2009) who used data from experiments and the simulation model PILOTE
(Mailhol et al. 1997) to determine the best seeding method for maize and durum wheat,
Plauborg et al. (2010) who applied the model Daisy to investigate potato under different
DI regimes by simulating the water saving effects of partial root zone drying compared to
FI treatments, Moore et al. (2011) who successfully applied the model APSIM to evaluate
the productivity of wheat fields and different proportions of lucerne pastures in Australia,
and Wang et al. (2009) who applied the same model to investigate the productivity of
wheat as well its nitrogen requirements under spacial climate effects.
In a next step, SVAT-models were coupled with optimization methods for finding
optimal irrigation management strategies with respect to a certain objective. Optimization
included the identification of optimal irrigation schedules and parameters that control
irrigation. Soundharajan and Sudheer (2009) investigated optimal irrigation schedules for
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rice experiments with the simulation model ORYZA2000 and a genetic algorithm. Dabach
et al. (2013) used data from a drip irrigation experiment for finding optimal soil-water
potential thresholds with the simulation model Hydrus2D/3D, but found the model not
suited to simulate a whole growing period.
Schu¨tze et al. (2012a) developed the optimization method Global Evolutionary Technique
for Optimal Irrigation Scheduling (GET-OPTIS) that can be coupled with any crop growth
model for finding optimal irrigation schedules. Results were potential crop water production
functions (CWPF), i.e., potential yields and respective optimal irrigation schedules for any
given but limited amount of seasonally available water for that irrigation system. This
method was successfully applied in a study conducted by Mailhol et al. (2011) for optimizing
DI schedules for maize that targeted at a certain crop yield for surface and subsurface
drip irrigation systems through a combination of experiment, simulation, and optimization.
Brown et al. (2010) investigated different irrigation management strategies for maximizing
farm profits under water limiting conditions by applying APSIM and simulated annealing.
However, uncertainties through climate variability and climate change, or soil hetero-
geneity, cause the reliability of model results to be low and applicability of findings from
those studies somewhat limited under varying environmental conditions. Investigation
that deal with WP under climate variability and climate change, such as Semenov (2007),
Soltani and Hoogenboom (2007), Garcia y Garcia et al. (2008), and others, try to solve
that problem but focus mainly on rain-fed, non-irrigated, or fully irrigated sites.
Brumbelow and Georgakakos (2007) generated probability distributions of CWPF for
current weather and predictions of future climate change scenarios that allow considering
climate uncertainties on crop production and irrigation demand, and proposed this to
be used as a tool for long-term plannings of irrigation systems. Schu¨tze and Schmitz
(2010) extended this concept and developed the framework Optimal Climate Change
Adaption Strategies for Irrigation (OCCASION) for generating site-specific stochastic
CWPF (SCWPF) by regarding variations in underlying climate scenarios. This allowed
finding potential yields and their statistical distribution within the range of applied weather
scenarios for any but limited amount of water and associated to it, their respective optimal
irrigation schedules in order to achieve those potential yields. The framework and, with
respect to climate variability, derived reliable irrigation schedules were applied in a semi-
hypothetical case study for an arid environment for maize and sorghum to show effects on
future yield development along with adaption strategies to counter these effects (Schu¨tze
et al. 2012b).
In conclusion, conducted studies rarely make use of the combination of simulation, opti-
mization and irrigation experiments for improving irrigation systems and a comprehensive
and systematical investigation of DI systems and WP. Effort needs to be invested into the
development of reliable irrigation strategies with regard to climate variability.
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3 Theoretical Background
This chapter briefly introduces basic concepts for describing soil-water within the system
of soil, plant, and atmosphere and lays the foundation for understanding ways to improve
irrigation systems.
3.1 Soil-Water Balance
The soil-water balance describes all ingoing and outgoing water fluxes for a defined soil
volume as well as the change of stored water inside that soil volume. When modeling water
movement processes within the boundaries of the soil-vegetation-atmosphere systems, the
soil-water balance is the fundamental basis as its equation has to be satisfied at all times
by the SVAT model. Boundaries are well defined for irrigation systems with the vertical
boundary being the topographical border of the field, the horizontal boundaries at the top
being the soil surface and at the bottom either the end of the root zone or the groundwater
table. Fig. 3.1 shows the processes that play an integral part in the soil-water balance
equation. Through the conservation of mass, the soil-water balance equation is defined as
P + I = E + T +R+ C + Per +△S (3.1)
with P the precipitation and I the water from irrigation as inputs, E the soil evaporation and
T the plant transpiration, often combined as evapotranspiration ET since their individual
parts are difficult to determine, R the runoff, C the capillary rise of water into the root
zone, Per the percolation or deep percolation out of the root zone, and △S the change in
the soil-water storage. Simplifications are possible if single processes can be excluded, such
as capillary rise and percolation for systems with impermeable soil layers, or subsurface in-
and outflow when lateral flow can be neglected.
If the irrigation system is run under highly controlled conditions, for instance as indoor
container experiments, the soil-water balance equation simplifies tremendously. Then,
runoff can be disregarded and the soil-water balance equation shortens to
I = ET +△S (3.2)
3.2 Soil-Water Movement
Water flows through soils in either saturated or unsaturated condition with the latter
being the prevailing condition when looking at soil-water-plant-atmosphere interactions.
Unsaturated flow is more complex than saturated flow and contains nonlinear relationships
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Figure 3.1: Components of the soil-water balance. Subsurface in- and outflow (not shown)
may be disregarded in some cases (modified after Allen et al. 1998).
between involved variables such as the soil-water content, soil-water potential, or hydraulic
conductivity (Hillel 2003). Differences in potentials are the propelling force for water flow
in soils. This led to the introduction of the potential concept by Buckingham in 1907, who
was the first to use this concept for water movement underground.
3.2.1 Potential Concept
Water in soil can be easily represented by the soil-water content but that variable alone
cannot explain dynamic hydrological processes such as root water uptake. Instead, the
energy status of the water, its potential, is of interest and responsible for the movement of
water through soils.
The soil-water potential is defined as the amount of energy that is required to move a
quantity of freely available water from one point in a system to another. This could be the
rise of water in a small soil pore or capillary to a certain height, or its withdrawal from the
soil matrix from that height. Processes such as infiltration, capillary rise, or drainage can
be explained when applied to soil-water movement. Water always moves from positions of
high potential to position of low potential releasing energy along its way. The movement
stops once energy is equally distributed within the system and every position possesses the
same total potential. Referred to the volume of the water, the potential has the dimension
of pressure; referred to the weight of the water, the potential becomes a length in unit
(Scheffer et al. 2010).
The total potential is composed of the sum of individual potential components, each
accounting for a different aspect occurring in soils, and is defined as
ψ = ψz + ψp + ψm + ψg + ψo (3.3)
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with ψ the total soil-water potential, ψz the gravitational potential accounting for the
gravitational influence due to the position of water relative to a reference point, ψp the
pressure potential exerted by an overlying saturated water column, ψm the matric potential
resulting from capillary and adsorptive forces between the water and the soil matrix, ψg
the gas potential if air pressure in the soil is considered, and ψo the osmotic potential when
the soil-water is influenced by solutes, which is important for salinization of soils, mostly
in arid climates or near coastal areas. The matric potential decreases as soil-water content
decreases. Due to opposing effects, the matric potential is always negative compared to
the gravitational potential. Pressure potential and matric potential are mutually exclusive
since the former applies to saturated, and the latter to unsaturated conditions.
Often, some of the potential components can be neglected and the remaining form the
hydraulic potential ψh for unsaturated conditions, which is
ψh = ψz + ψm (3.4)
or expressed equivalently as hydraulic head H as
H = -z + hm (3.5)
with z the depth to the reference position assuming the soil surface being at zero height
and hm the matric head. For saturated conditions hm changes to the pressure head hp.
3.2.2 Richards Equation
The soil-water movement and the distribution of the soil-water content is described by
the Richards equation, which is the fundamental equation in physical models to describe
the dynamics of water flow for a variety of soils. The Richards equation combines the
Buckingham-Darcy-law, which is the flow equation for saturated and unsaturated water
flow through porous media, with the continuity equation (Hillel 2003). The continuity
equation is based on the conservation of mass and states that the amount of water entering
a system is equal to the amount leaving that system plus the change of water inside that
system. More general, the continuity equation expresses that the change in soil-water
contents over time is equal to the spatial gradient of the flux. It can be written in its
one-dimensional, vertical form as
∂θ
∂t
= -∂q
∂z
(3.6)
where ∂θ/∂t is the change of soil-water content with time and ∂q/∂z the spatial gradient
of the flux. The Buckingham-Darcy law for unsaturated water flow through a porous
medium under the assumption that the hydraulic conductivity K is a function of the matric
potential ψm results in:
q = -K(ψm) · ∂H
∂z
(3.7)
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This equation is limited to cases where changes in soil-water contents are monotonic,
either continuously increasing or decreasing, since -K(ψm) is highly influenced by hysteresis
effects. However, for successive phases of wetting and drying, this function is highly
hysteretic and K(θ) might be used instead since it is less affected by hysteresis. However,
the problem of hysteresis is not solved and still remains but Eq. 3.7 changes to:
q = -K(θ) · ∂H
∂z
(3.8)
Substituting q in Eq. 3.6 with the equation above and replacing H with Eq. 3.5 results
in the Richards equation (Richards 1931)
∂θ
∂t
= ∂
∂z
[
K(θ)
(
∂hm
∂z
+ 1
)]
(3.9)
which is the general flow equation for describing steady and transient flow processes of
water through soil. It is used in many physically based SVAT models to describe saturated
and unsaturated water movement and despite its limitations, the Richards equation is a
widely applied equation for modeling the unsaturated water flow through soil. Limitations
arise from where H cannot clearly be defined (Flu¨hler and Roth 2004), which includes:
• turbulent flow in coarse textured soils at high gradients and in clayey soils at low
gradients
• a disturbance of the equilibrium between H and soil-water content, for instance
through infiltration, since hm reacts faster to changes of the equilibrium than the
soil-water content which consequently demands a description in a smaller domain
the faster the observed phenomenon
• air trapped in the pore space volume which has to be considered as additional
component
• the deformation of soil and therefore changing soil properties
• water that moves in its gaseous phase
3.2.3 Soil Hydraulic Properties
In order to solve the Richards equation, involved parameters have to be determined and
with it the relationship between the soil-water content θ, the matric head hm, and the
hydraulic conductivity K. This relationship is defined though the pore space geometry
(volume and distribution) and other physical and chemical properties of the soil. Relevant
to this work is the Mualem-van Genuchten (MvG) model (van Genuchten 1980), which
uses mathematical relations to link the matric head to soil-water content (Fig. 3.2) and
hydraulic conductivity (Fig. 3.3), thus describing θ(hm) and K(hm). The resulting soil-
water retention curve is an S-shaped curve when plotted on a semi-log scale with distinct
characteristics for each soil and each soil horizon. It is defined as:
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θ(hm) =
⎧⎨⎩θr +
θs−θr
(1+|α·hm|n)-m hm < AEV
θs hm ≥ AEV
(3.10)
K(hm) = Ks · S0.5e
[
1−
(
1− S
1
m
e
)m]2
(3.11)
where Se is the normalized saturated water content also denoted as effective saturation
Se =
θ − θr
θs − θr (3.12)
with α, m, and n empirical form parameters (usually with m = 1− 1/n), θs the saturated
soil-water content, and θr the residual soil-water content, respectively, for which no clear
definition exists. It is generally regarded as water content at the limit of liquid water
extraction (hygroscopic water). The air entry value (AEV) is the point of matric head at
which the largest pores begin to lose water.
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Figure 3.2: Relationship between soil-water content and soil-water potential (soil-water
retention curve) for a sand, a silt, and a clay, with field capacity (FC),
permanent wilting point (PWP), and plant available water between those
two points (modified after Scheffer et al. 2010).
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Figure 3.3: Relationship between hydraulic conductivity and soil-water potential of sand
and clay (modified after Hillel 2003)
The soil-water retention curve allows drawing conclusions about the soil-water storage
capacity, drainage velocity, and plant available water, among others. With regard to plant
available water, three points in the retention curve are particularly important: (i) the
point of saturation, (ii) the point until which water stored inside the soil freely drains and
cannot be held against gravity, called field capacity (FC), and (iii) the lower limit of plant
available water beyond which plant roots are unable to extract water from the soil, referred
to as permanent wilting point (PWP). FC is not well defined and lies between -60 and
-300 cm (or pF 1.8 and 2.5, expressed as negative common logarithm). The PWP is reached
at pF 4.2. The water stored between FC and PWP is available to plants for extraction
(Fig. 3.2). For irrigation and drainage of water from the soil, hysteresis effects have to be
considered that result in different wetting and drainage branches in the soil-water retention
curve.
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4.1 Data Collection in Irrigation Experiments
Generally, the more that can be collected from actual experiments, the less room is given
to interpretation and assumptions that would make later analysis more demanding and
modeling efforts more difficult. Often, it is impossible to collect all possible data and
instead data acquisition should be done problem-oriented and according to the research
question. Experiments are limited by expenditures for labor and material. However, a
minimal set of data that is required for successful investigations of WP and which should
always be collected are outlined in the following.
4.1.1 Recommended Minimum Set of Observation Variables
For SVAT-modeling to be successful, extensive data has to be collected that allows the
parameterization of the applied SVAT model. Such data must be collected during a growing
season of a crop and has to account for the different components in SVAT, namely the
soil, the vegetation, and the atmosphere. Looking only at the soil hydraulics, this involves
taking data of soil-water content and soil-water potential for the entire growing season,
if possible from different depths. In addition, soil properties, such as the residual and
saturated water content, have to be included as well. Soil-water content and potential are
the minimum set of, and by far the most important, state variables to observe as those
determine the state of the plant and soil during the growing season. Both variables have
to be collected at the same time and for the same observation point inside the soil due
to later complications during modeling where the best fit of the one state variable would
result in the greatest variance of the other and vice versa (Caldwell et al. 2013).
Data on crop include plant height and leaf area index (LAI) during different stages
of plant development as well as recordings of the phenological stages of the crop. At
harvest, fresh and dry biomass and yield need to be determined. Depending on the crop, a
differentiation of plant parts between stem and leave is advisable.
Climate data should encompass the minimum set of global radiation, temperature,
relative humidity, and precipitation. Wind speed and direction may be taken as well to
complement the data set on weather.
It is imperative that other sources of water are carefully gathered. Water amounts
and points in time of applications of irrigation or supplemental irrigation, which might
be required in some experiments, are here of utmost importance. Others, such as from
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fertilization (generally applied with supplemental water), have to be considered as well in
order to obtain a full and complete list of inputs into the soil-water balance.
4.1.2 Sensors for Data Acquisition
For almost all observation variables, sensors are available that conveniently allow monitoring
and collecting information about the investigated irrigation system. The selection for a
certain sensor depends on the purpose of observation under the assessment of the sensor’s
assets and drawbacks. Measurements can be taken directly or indirectly. For the continuous
and uninterrupted data collection, all sensors have to be connected to a datalogger or
another automated system. Most important variables for determining the state in which an
irrigation system is, are variables regarding the soil-water status. Hence, in the following,
focus is put on sensors measuring soil-water content and soil-water potential in particular.
4.1.2.1 Soil-Water Content
An overview of sensors for measuring the soil-water content is given in Evett et al. (2012).
Most common are time domain and frequency domain reflectrometry sensors that use
the difference of the dielectric constant between water and other components of the soil.
Resistance and voltaic probes depend on the conductive capacity of soils. Neutron probes
are very accurate but pose a risk to health if not operated carefully. Direct gravimetric
measurements of the soil-water content are also possible but rather suited for determining
soil hydraulic properties, such as residual and saturated water content, than for a constant
observation of the soil-water status . Alternatively, those parameters can be derived from
observations of soil moisture during the experiment.
4.1.2.2 Soil-Water Potential
For the measurement of the soil-water potential, Shock and Wang (2011) provide a
comprehensive overview. Amongst many, the most common sensors for measuring the
soil-water potential that they investigated are tensiometers. They are accurate and easy to
use, quick in response to changes of the soil-water potential, and relatively inexpensive, but
also limited in their measurement range to -850 hPa. They are comprised of a water-filled
body whose ceramic tip is in equilibrium with the surrounding soil matrix. They do not
need soil-specific calibration but regular maintenance, which includes replenishment of
water and removal of air bubbles.
Granular matrix sensors measure the resistance between two electrodes embedded
in a granular matrix. Through calibration the resistance is related to the soil-water
potential. Granular matrix sensors are affordable, require no maintenance, and have a
greater measurement range that reaches up to -2000 hPa, but are less accurate across their
measurement range than tensiometers and respond less quickly to changes of the soil-water
potential.
Another type for indirect measurements of soil-water potential are gypsum blocks.
Electrodes placed inside gypsum blocks need calibration and relate resistance to soil-water
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potential. Gypsum blocks react slowly to changes of soil-water potential and dissolve over
time. They are affected by the soil solution concentration and temperature, which makes
them less qualified for irrigation control.
Dielectric coupled media uses the dielectric permittivity of a porous ceramic with
known properties, whose measurement of the water content through a high-frequency
electromagnetic field can be related to the soil-water potential. They are easy to install,
need no maintenance and have a wide measurement range of up to -5000 hPa but are only
little accurate.
Heat dissipation sensors are based on the measurement of the heat capacity of the water
in their ceramic tip. The known properties of that tip are related to the soil-water potential
of the surrounding soil matrix. Heat dissipation sensors have a wide measurement range,
need no maintenance, and are not influenced by soil solution concentration. Since their
availability has increased in recent years only their disadvantages have not been entirely
and thoroughly determined as of yet.
4.1.2.3 Other Variables
When taking basic data about plant characteristics, no special and automated equipment
is needed since plant variables generally change slowly during the course of a day. All
of those measurements are point measurements with regular measurement intervals of
several days. Plant heights can be easily determined whereas the LAI can be challenging,
as it depends on the state of the atmosphere with its brightness. Sensors set to measure
the global radiation within and above the crop canopy are used to determine the amount
of radiation absorbed by plant leaves. By the help of numerous variables regarding leaf
exposure to sunlight, the LAI is derived.
Meteorological data should be collected by a standard weather station in high temporal
resolution. The use of an irrigation controller with automated recording of executed
irrigation events is advisable.
4.1.3 Design of Irrigation Experiments
When conducting irrigation experiments, certain design criteria have to be followed in
order to draw meaningful conclusions from the collected data. Conclusions that are
robust and statistically sound to environmental factors and other sources of variability and
uncertainty. Sometimes, experiments cannot be conducted to an extent deemed necessary,
which demands making sacrifices regarding the completeness of an experiment.
Three basic principles to the design of experiments are required (Montgomery 2013):
(i) randomization, (ii) replication, and (iii) blocking. Through randomization, external
factors that are present and which influence the outcome of an experiment are averaged
out. By replications, which are independent runs of each factor combination, estimates of
the experimental error are obtained as well as more precise estimates of the investigated
factor. Blocking is used to improve the precision between investigated factors.
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A very common strategy of experimentation when investigating the effects of irrigation
or other factors on crop production is the randomized complete block design (RCBD).
Here, complete indicates that each block contains all treatments (number of variations of
the investigated factor). Factors of interest might involve different levels of water supply
derived from the calculated crop water demand or thresholds of some sort for irrigation
control at which irrigation is triggered. If blocking is not possible, a completely randomized
design might be favored. Experiments of that kind are evaluated by the analysis of variance.
4.2 Irrigation Scheduling and Control
Irrigation scheduling determines the amount of water to irrigate and how often. An
optimal irrigation scheduling needs to maintain the water supply in suitable ranges for
crop production. For FI systems, irrigation water is applied in a way that the crop water
demand is completely satisfied, which would be around FC. Occurrences of any stresses
to the crop are avoided, and so are percolation losses through over-irrigation. This also
includes the leaching of nutrients out of the root zone. Irrigation control is a part of
irrigation scheduling that aims at distributing irrigation water evenly and homogeneously
inside the soil. Here, technical aspects of irrigation systems play a role, such as discharge
rate and duration of water application, in order to avoid deep percolation or runoff.
Irrigation scheduling can be realized through three methods (Jones 2004): (i) plant-based,
(ii) soil-water balance calculations, and (iii) soil-water status based. Each method has its
field of application along with its advantages and drawbacks, depending on the objective
to achieve or goal aimed for.
4.2.1 Plant-based Methods
Plant-based methods range from direct plant water status approaches such as visible wilting
(where it might be too late for irrigation scheduling because yield production is already
affected), the observation of leaf water potentials, and xylem or stem water potentials to
more indirect approaches such as measurement of the stem and fruit diameter, or leaf
thickness. Physiological responses include the stomatal conductance or thermal sensing.
Even though those methods are very sensitive to the observation of drought and changes
in the plant’s water supply, their realization and implementation for irrigation control is
difficult. In addition, applied water amounts have to be estimated.
4.2.2 Soil-Water Balance Calculations
Calculations of the soil-water balance derived from estimations of the evapotranspiration
of plants are another method for irrigation scheduling. Water consumed by the plant is
replaced with respect to rainfall, runoff, and percolation. Even though robust for a wide
range of conditions, this method is not very accurate with errors that add up over time.
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4.2.3 Methods based on Soil-Water Status
Irrigation scheduling based on the soil-water status, either in soil-water contents of soil-water
potentials, is easy to apply and allows determining the exact amount of water for irrigation.
Difficulties may arise form where exactly to probe for the water status. Particularly where
soil heterogeneity is high, extensive monitoring programs might be needed. Sensors for
measuring the soil-water status are easily available.
An important reason for using soil-water potentials for irrigation scheduling and control
is the working principle behind plant transpiration. The plant serves as transmitter of
pressure gradients between soil and atmosphere, which propels the transpiration of the
plant (Fig. 4.1). Those differences cause the water in soils to move to the root where it is
then transported through the plant stem to the leaves and into the air. When controlling
irrigation through soil-water potentials, thresholds that trigger irrigation are similar in
value for different soils whereas soil-water contents would differ tremendously depending
on the soil characteristics. Additionally, hysteresis effects do not have to be considered.
Air
(–500 bar)
Leaves
(–15 bar)
Crown
Soil water
(–0.3 bar)
Roots
(–3 bar)
Stem
Figure 4.1: The principle behind plant transpiration are differences in pressure gradients
between the single components of the soil-plant-atmosphere system that
propel water flow from soil along its path through the plant and into the air
(Hillel 2003).
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4.3 Deficit Irrigation
4.3.1 Concept
Deficit irrigation (DI) is a strategy in which the crop is deliberately deprived of water. It
is an approach to deal with a severely limited water supply, besides other methods such as
water harvesting, supplemental irrigation, or precision irrigation techniques, and can be
employed to help save water and improve irrigation efficiency of low productive systems
(Molden et al. 2010). In cases where drought stress to the crop cannot be avoided at all,
DI may be perceived as part of a strategy to minimize the negative influence on yield
production. Often, economic aspects have to be considered as well. In areas where water is
the limiting factor, it might be economically more profitable for the farmer to accept losses
in crop yield and instead to irrigate more land with the saved water (English 1990).
In DI, the water supply to the crop is reduced in certain phenological development stages
of the plant. Those phases are generally less susceptible to drought stress, such as the
vegetative and late ripening period, and water can be saved without major losses in crop
production. Outside those stages the evapotranspiration demand of the crop should be
satisfied (e.g., during flowering) and drought stress avoided. In contrast to DI, the crop
water demand is always fulfilled in FI systems.
For DI to be successful, an effective and precise irrigation scheduling and control is
needed, which can only be achieved by drip irrigation systems (Jones 2004, Shock and
Wang 2011).
4.3.2 Water Productivity
Closely related to the concept of DI is the term water productivity (WP) or water use
efficiency (WUE), where the latter is used to express the efficiency the crop uses irrigation
water. Depending on the field of expertise and its purpose, several definition for WP exist.
In general, it is defined as a gain over its expenses. Most common in the irrigation sector
are definitions, where the crop yield is related to either irrigation (its water supply side)
or evapotranspiration (its water demand side) during the growing season, since for the
latter evaporation (E) is difficult to distinguish from transpiration (T ) of plants and which
includes the change in soil-water storage. WP is then denoted as WPI and WPET , where
WPI =
Y
I
(4.1)
WPET =
Y
ET
(4.2)
with Y the crop yield, I the total irrigation, and ET the evapotranspiration. In regions
where precipitation contributes considerably to the plant’s water supply, it may be taken
into account besides supplemental irrigation. Other definitions involve marketable yield,
biomass, assimilated carbon or any generated amount of produce for each unit of T or ET
(Molden et al. 2010).
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4.3.3 Crop Water Production Function
The relationship between the yield of any crop and I or ET is called a crop water production
function (CWPF, Fig. 4.2), and since WP is comprised of before-mentioned variables, it
serves as a benchmark within a CWPF. The function is valid for one site and one year.
Figure 4.2: General shape of a CWPF with its sections (a) to (e), which are variable in
length. The CWPF puts the relative ET, which is actual evapotranspiration
by a crop during a season (ETa) over the crop water requirement (ETc) under
the given agronomic conditions in relation to the relative yield, comprised of
actual yield (Ya) over highest achievable yield (Ym) (Geerts and Raes 2009).
Several sections can be identified within a CWPF. With insufficient amounts of water
available to the crop, the plant will not develop to a degree (if developing at all) to produce
any yield (Fig. 4.2 section a) thusWP will be very low. With increasing amounts of supplied
water, either from rainfall or irrigation, yields will increase and so will WP (Fig. 4.2 section
b). With even more water available to the crop, the yield increase follows an almost linear
development the more water is applied (Fig. 4.2 section c). The closer applied water gets
to the point where the crop water demand is completely satisfied and relative ET equals
unity (Fig. 4.2 section d), the smaller the increases in yields become until their maximum
is reached. Here, the point of FI is reached. Water that is applied above that point results
in declines of WP since excess water percolates out of the root zone or is lost to additional
soil evaporation. The crop yield might even drop due to water logging and the leaching
of nutrients (Fig. 4.2 section e). Highest WP is attained at some point before FI. Shapes
of the CWPF will differ depending on the drought tolerance of the crop or even between
different varieties of the same crop. The drought tolerance also varies between growing
stages of the crop and irrigation timings are not accounted for in this relationship (Molden
et al. 2010). A CWPF is site-specific and valid for the climate conditions of the observed
year it was derived for.
Limitations that result from a single CWPF can be overcome by expanding the number
of incorporated years of weather observation. For each additional year an additional CWPF
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can be derived. If the database is large enough, stochastic CWPF (SCWPF) can be
obtained thus accounting for uncertainty from climate variability and adding statistical
significance to CWPF (Fig. 4.3). Extra years of weather may come from observation but
also from weather generators that use the statistical properties of observed weather series
to create an arbitrary number of synthetic weather series.
0 100 200 300 400 500
0
2
4
6
8
10
12
14
0 100 200 300 400 500
0
2
4
6
8
10
12
14
0.01
0.1
0.5
0.9
0.99
Quan le
Supplemental Irriga on (mm)
a) b)
Y
ie
ld
 (
t 
h
a
-1
)
Y
ie
ld
 (
t 
h
a
-1
)
Supplemental Irriga on (mm)
Figure 4.3: CWPF under rain conditions (a) and aggregation to a SCWPF (b) subdivided
into different quantiles (modified after Schu¨tze and Schmitz 2010).
4.4 Improving Irrigation Systems through Simulation and
Optimization
4.4.1 SVAT-Modeling
The simulation of processes and their interactions within the soil-vegetation-atmosphere
system is enabled through soil-vegetation-atmosphere-transfer (SVAT) models. These
models describe the energy and mass fluxes between soil, vegetation, and atmosphere
mathematically through functional relationships, hence allowing to calculate and determine
water movement through soils, crop growth, and water consumption along with other
processes associated with plant development. SVAT models allow investigating all aspects
of irrigation systems and to predict their behavior under changing environmental conditions.
They allow to evaluate the effects of irrigation schedules and other irrigation strategies
on crop production for different climate scenarios. They can be applied to help with the
identification of the right decision from a range of decisions. SVAT models can also be
employed for finding the optimal solution for a certain problem, for instance for irrigation
management (Wallach et al. 2006). Generally, when there is no feedback from the crop to
the atmosphere, models are referred to as crop growth models (Olioso et al. 1999).
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SVAT or crop growth models operate on field scale or parts of a field. To run a SVAT
model, information about soil, climate, and management practices such as irrigation and
fertilization are required. The model is initialized by initial conditions that determine the
beginning state of the model, such as soil-water contents or soil-water potentials, and is
driven by boundary conditions (climate and management). It needs observation data to be
parameterized properly. Since such data is mostly point data and fields are heterogeneous,
model outputs are averages of the investigated system (Wallach et al. 2006).
There are a variety of SVAT models of different degrees of complexity and for different
purposes, not equally suited in any field of operation. Based on this, SVAT models
can roughly be distinguished into empirical models where rather simplistic and empirical
relationships are used for process description, or into mechanistic models with a physiological
and more physical approach for describing and simulating biological and physical processes
involved in water movement through soil and crop production. The work principle of the
SVAT model Daisy (Abrahamsen and Hansen 2000) as a representative for the whole group
of mechanistic SVAT models and due to its relevance in this study is explained exemplarily
below.
The simulation software Daisy is a one-dimensional crop growth model with modular
design (Fig. 4.4). It comprises modules for bioclimate, vegetation, and soil with relevant
processes aggregated into them and then linked together. Those modules account for water
balance, heat balance, solute balance, and crop growth. The water balance module is
additionally divided into surface and soil-water storage. Both are connected and governed
by processes such as infiltration into the ground, evaporation from the bare soil surface,
transpiration through plants, the capillary rise into the root zone, percolation out of the
root zone, interception by the canopy, surface runoff of water that does not infiltrate, and
ponding, to mention the most important ones. Soil-water dynamics, i.e., water in soils
is determined by the numerical solution of the Richards equation (section 3.2.2). Daisy
regards water flow through macro-pores as well.
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Figure 4.4: Modular structure of the SVAT model Daisy (Hansen 2002).
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Crop growth and yield development in Daisy is complex and realized through the
simulation of photosynthesis, plant respiration, and root water uptake. The model provides
an extensive built-in library with parameterizations of major crops such as barley, wheat,
potato, maize, and others. Canopy photosynthesis is calculated as a function of the LAI
divided into single canopy layers and their contribution to the absorption of light summed
up. Root water uptake is based on the single root concept, where water flows radially
towards the root surface and is taken up at the same rate it reaches the root surface. The
simulation of the root density and root depth, but also the LAI, dry matter production, soil
temperature as well as carbon and nitrogen balances are part of the crop growth calculation.
The development of the crop is divided into three development stages (DS) and starts with
emergence (DS0) over flowering (DS1) to maturation (DS2). The duration of each stage is
determined by the thermal time.
The model operates on daily values of climate (global radiation, relative humidity,
temperature, rainfall, wind speed and direction, among others) and hourly values of
management (applied irrigation and fertilization, and others). Both serve as driving
variables for the simulation and direct the outcome of the simulation along with other
boundary conditions and initial conditions (e.g., soil moisture distribution). Extensive
output options of virtually all variables related to the simulation are available.
Another mechanistic crop growth model similar in scope with a comparable organization
in modules is the Agricultural Production Systems Simulator APSIM (Keating et al. 2003).
Examples for empirical models include Cropwat (Smith 1992) and its successor Aquacrop
(Steduto et al. 2009).
4.4.2 Objectives in the Optimization of Irrigation Systems
The general objective for improvements of FI and DI systems in particular is their WP.
High yielding FI systems, for instance, are sometimes over-irrigated and consume more
water than required. They lose water through additional evaporation caused by applying
too much water, through runoff, and consequently water percolation out of the root zone.
Such systems run sub-optimal and suffer from low WP. Such systems can be improved
by applying water in a way that excess water is minimized and little to none water lost
to percolation while at the same time, drought stress to the crop is avoided. Through
optimization, an over-irrigated FI system can be turned into and optimally irrigated FI
system that reaches the same high crop yield but needs less water, thus reaching a higher
WP.
Improvements of WP beyond optimal FI systems can only be achieved by DI, since crop
production is not proportional to supplied water. WP in DI systems will increase until losses
in crop production exceed savings in irrigation water. This to accomplish needs precise
knowledge about the effects of drought stress on the crop in each growth stage and more
importantly, an irrigation scheduling and control that applies water optimally. The aim in
DI is therefore finding an optimal irrigation strategy and its irrigation-controlling parameters
that essentially maximizes WP while achieving reasonable crop yields at the same time,
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rather than merely maximizing crop production. Due to the interactions and non-linear
relationships between climate, crop growth, and soil, this needs sophisticated methods
of optimization. Since SVAT models by themselves have no routines for optimization
included, they rely on the coupling with optimization algorithms. The SVAT model is used
to simulate water movement and crop growth and an optimization algorithm for finding
optimal values for the investigated problem. The combination of those two components is
called simulation-based optimization.
Focusing on the improvement of irrigation systems, at least two branches of optimization
can be distinguished in this regard. One branch for finding the optimal irrigation manage-
ment strategy, which involves and optimal irrigation schedule or values of parameters for
and optimal irrigation control, the other branch is applied for SVAT model calibration and
called inverse parameter estimation. Here, optimal soil and crop parameters of the SVAT
model that allow to run the model in accordance with observation are sought.
However, optimization does not stop there. Essentially, all aspects of an irrigation
system including its layout can be subject to an optimization in order to find the best
solution with regard for the pursued objective. Another point deals with uncertainties from
observation data, climate variability, soil heterogeneity, or plant behavior. Optimization
allows to account for those uncertainties and can be used to improve the reliability of
derived solutions.
4.4.3 Single-Objective Optimization
Optimization is the search for a best solution with respect to certain criteria from a set
of available alternatives. It involves maximizing or minimizing an objective function by
choosing values from an allowed set of decision variables and determining the value of that
objective function. The successful optimization results in the best value for that objective
function and associated to it the most suitable values from the set of available decision
variables.
Mathematically, this can be expressed through
x = (x1, ..., xn) ∈ Rn (4.3)
where x is the decision vector consisting of xn decision variables in Euclidean space Rn.
Focusing on irrigation scheduling and control, decision variables of an optimal irrigation
schedule could be irrigation dates and irrigation volumes, among others. For a sensor-based
irrigation strategy, decision variables are sensor thresholds at which irrigation is triggered
and irrigation volumes. During model calibration, decision variables may include soil
hydraulic parameters, parameters that determine crop growth, and others.
Not all decision variable values are viable. Constraints cause that the search for the best
solution is limited to a feasible region χ in the decision space, also called the search space,
which is a subset of R and expressed as
χ ⊂ Rn (4.4)
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For an irrigation schedule, for instance, constraints exclude dates that lie outside the
growing season or irrigation volumes that are negative or too high. Elements in χ are
called candidate solutions or feasible solutions.
For determining the optimal solution, an optimization algorithm is used and an objective
function f(x), f : χ→ R minimized (or maximized depending on the type of problem) so
that
min
x∈χ f (x) (4.5)
For irrigation systems, that objective function maximizes WP. Other objective functions
may include maximizing the crop yield for a limited amount of irrigation water. For model
calibration, the objective function calculates a suitable fitness criterion, such as the root
mean square error, for instance from simulated and observed values of the soil-water status.
If variables of different magnitude are used (e.g., soil-water content, soil-water potential,
and crop yield), a weighing factor has to be introduced that makes their individual fitness
values comparable to each other and allows their combination into one final value as the
result of the optimization. Using one objective function for the optimization problem is
called single-objective optimization.
4.4.4 Multi-Objective Optimization
Often, more than one objective or even contradicting objectives are of interest, which
adds complexity to the optimization problem and is called multi-objective optimization. A
comprehensive overview is provided in Ehrgott (2005).
In short, the objective of the optimization problem changes to minimizing F (x), which
is comprised of m objectives
min
x∈χ F (x) = (f1(x), ..., fm(x)) (4.6)
with fi : χ→ R, i = 1, ...,m, where χ is the decision space and x ∈ χ the decision vector
in Rm. Here, a single best solution that optimizes all objective functions simultaneously
does not exists. An improvement in one objective leads to a deterioration in the other
objectives (Zhou et al. 2011). Since no single best solution can be found, multi-objective
optimization is about identifying the trade-offs between the different objectives through
a diverse set of solutions, which cannot be improved in any of the objectives without
degrading the other objective (Igel et al. 2007). Those solutions are found by ranking and
ordering through the concept of Pareto dominance and are then called Pareto-optimal once
they fulfill the before-mentioned requirement. Pareto optimal solutions are part of the
Pareto front (Fig. 4.5). Without any further information, no solution of the Pareto front is
superior to another solution.
For improving irrigation systems, the objective of maximizing WP might be split up into
the two individual objectives of maximizing yield and minimizing total irrigation amount.
For SVAT-model calibration, individual objectives for the goodness of fit between observed
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Figure 4.5: Mapping of the feasible region of the decision space (or search space) χ in
objective space, denoted as feasible objective region f(χ), for two objective
functions f1(x) and f2(x). Solutions to the optimization problem are called
feasible solutions, respectively (blue). Solutions that cannot be improved
further in one objective without degrading the other are called Pareto-optimal
solutions (red).
and simulated soil-water contents, soil-water potentials, and the yield development might
be used.
4.4.5 Evolutionary Algorithms
Widely used in contemporary research for solving optimization problems are evolutionary
algorithms (EA) (Zhou et al. 2011), which also find their application within the scope of
improving irrigation systems. EA stands for a class of techniques which are all inspired by the
biological evolution and encompass mechanisms of reproduction, mutation, recombination,
and selection and can be easily combined with SVAT models.
An EA starts off with a number of individuals from a start population, which are
randomly chosen within the search space. Each of these individuals contains a set of
decision variables for the optimization problem. The individuals are evaluated and the
fitness value of the objective function assigned to them. This value represent the individual’s
ability to get carried over into the next generation; the better this value the more likely
the individual remains in the population. Through selection, individuals with a low values
get removed. Through recombination, information between individuals of the remaining
population are exchanged and new individuals created. Mutation ensures diversity within
the new population. This newly created population begins the cycle of evaluation from
anew until the best solution is found.
Advantages for the use of EA and their widespread application for solving water resource
problems are (Maier et al. 2014):
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• EA are conceptually easy to understand
• EA are generally used with simulation models, which makes the coupling of such mod-
els with optimization relatively easy and gives greater confidence to the optimization
result since existing simulation tools are being used
• the combination of simulation model and EA reduces the complexity of the problem
description of the optimization and is therefore able to solve problems with difficult
mathematical properties
• the combination with simulation models allows parallel computing and thus solving
optimization problems faster
• EA can perform global and local search operations allowing them to find near-optimal
solutions to the optimization problem
• available algorithms are readily adaptable to a wide range of application contexts
Relevant to this work are the Covariance Matrix Adaptation Evolution Strategy (CMA-ES)
(Hansen 2006) and the multialgorithm, genetically adaptive multi-objective, or AMALGAM,
method (Vrugt and Robinson 2007).
4.4.6 Steps in the Optimization of Irrigation Systems
Independently from whether optimal irrigation-controlling parameters or optimal soil and
plant parameters are sought, the general procedure for solving optimization problems with
EA includes the following steps (Maier et al. 2014):
1. Formulating the optimization problem, which includes the selection of decision
variables, objective functions, and constraints.
2. Initialization of the optimization through the selection of sets of random decision
variable values by the EA.
3. Evaluation of the objective functions and constraints through simulation runs with
the SVAT model.
4. Selection of new and updated sets of decision variable values based on the feedback
from the evaluation process using some sort of search method.
5. Evaluation and selection of new sets of decision variable values are repeated (points
3 and 4) until a stopping criterion is met and little to none improvement in the
objective functions achieved anymore.
6. The final sets of decision variable values are the solution to the optimization problem.
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For investigating and improving sensor-based DI systems in this work, a joined approach in
the combination of the three components: (i) SVAT-modeling/simulation, (ii) optimization,
and (iii) irrigation experiment is used (Fig. 5.1). Through their combination, limitations
that arise from only using the individual parts alone for the investigation are mitigated
and the wider spectrum of methods for investigating WP in sensor-based DI systems used,
thus getting closer to unlocking their full potential.
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Figure 5.1: Conceptual outline of this work with the three main components (blue boxes)
and their combined application for investigating and improving sensor-based
DI systems, along with their relationship to each other and their coverage in
the individual publications.
The SVAT-modeling/simulation components serves as the basis for a model-based design
of the irrigation experiment by employing a SVAT model. The design involves all aspects
that describe the irrigation system (e.g., plant and row spacing, plant density) as well
as parameters that determine the behavior of the irrigation system. For sensor-based
systems, this includes the position or depth of the irrigation-controlling sensor, the number
of irrigation thresholds throughout the growing period of the crop, the minimum irrigation
interval between individual irrigation events, and others.
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A suitable SVAT model can reliably simulate water flow through soils and predict crop
production under water-limiting conditions and climate variability. The investigation and
selection of suitable candidates of SVAT models that are employed in the framework for
investigating DI systems was dealt with in publication 1 – “Evaluation of Crop Models for
Simulating and Optimizing Deficit Irrigation Systems in Arid and Semi-arid Countries
under Climate Variability” (section 6.1).
The SVAT-modeling/simulation and means of optimization are used to find optimal
values of parameters for irrigation control. For sensor-based DI systems, parameters
comprise the irrigation threshold at which point an irrigation is triggered and the amount
of irrigation water per irrigation event for that particular irrigation threshold. Values are
sought according to a certain objective that generally aims at achieving a high WP.
The optimal irrigation control finds its application in the irrigation experiment and
realization through a special sensor capable of performing the intended task. Other sensors
are used to continuously collect data on weather, soil-water status, plant development, and
management during the experiment as it was laid out in section 4.1.1.
A model-based design of the irrigation system and the determination of optimal param-
eters for irrigation control of different sensor-based irrigation strategies, their test and
verification in an intensively monitored irrigation experiment, the evaluation of influences of
those strategies on WP and water consumption along with other parameter that determine
the behavior of irrigation systems (depth of irrigation-controlling sensor, irrigation interval)
is covered in publication 2 – “Investigation of Deficit Irrigation Strategies Combining
SVAT-modeling, Optimization and Experiment” (section 6.2).
Subsequently, collected data is used for model (re-) calibration and validation and
thus model improvements of the previously applied SVAT model, mainly by improving
parameters on soil and crop. A SVAT model improved in such a way allows for better
model accuracy and model predictions and enables the systematical investigation of DI
systems. This includes the range of operations of the irrigation system in order to achieve
highest WP and thus explore the full potential of DI systems.
A systematical investigation of sensor-based DI systems for parameters that control
irrigation (sensor threshold, irrigation amount, irrigation interval) after recalibrating the
model with observed data from an irrigation experiment was conducted in publication 3
– “Evaluation of Very High Soil-Water Tension Threshold Values in Sensor-Based Deficit
Irrigation Systems” (section 6.3).
Model-based design of the irrigation system and calibration and validation is an iterative
process. Therefore, each new “round” of SVAT-modeling/simulation and irrigation experi-
ment will further improve model predictions. Essentially, not only the irrigation control
but all aspects regarding the design of the irrigation systems may be included into the
optimization.
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6.1 Evaluation of Crop Models for Simulating and Optimizing
Deficit Irrigation Systems in Arid and Semi-arid Countries
under Climate Variability
This paper investigated the suitability of the four SVAT-models CropWat, PILOTE, Daisy
and APSIM for modeling and simulating DI systems. The SVAT models were evaluated
with respect to their performance when being part of a stochastic simulation-based approach
to investigate and improveWP under limiting water conditions. Focus was hereby primarily
put on the effects of climate variability.
The stochastic approach OCCASION was used, which consists of three components: (i)
a weather generator for providing regional climate series and thereby adding statistical
variability to the investigated objective, (ii) an optimization algorithm that calculates
optimal irrigation schedules for any given but limited total amount of irrigation water and
respective climate series, and (iii) the SVAT-model for determining water consumption
and crop production. Resulting SCWPF were evaluated and discussed for their plausibility
since they serve as a tool for assessing the effects and risks on potential yields due to
drought stress and climate variability. The study was conducted in conjunction with data
from field experiments from India, Malawi, France, and Oman.
The framework OCCASION was successfully applied for all before-mentioned SVAT-
models and proved to be a valuable tool when investigation DI systems and their potential
to improve WP. The SVAT models CropWat and PILOTE performed unsatisfactorily
with respect to obtained CWPF. The former showed no variation in yields for the different
climate series once FI was reached due to an inadequate representation of crop production
within the model. The latter model lacked a robust crop parameterization, which prevents
the model from being transferred and applied to other geographical locations.
The SVAT-model Daisy performed well but showed problems when dealing with severe
drought stress. However, this could be disregarded since that range of the CWPF is not of
scientific or economic interest. APSIM as well showed plausible results and is a promising
candidate for the investigation of DI systems and improvement of WP.
This investigation was limited to climate variability and regarded global radiation,
temperature, and precipitation only. However, other yields-affecting factors could find
their consideration within the presented approach without increasing the complexity of the
optimization problem. OCCASION is a robust tool and viable approach to investigate and
improve WP in many environments and for various crop models.
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6.2 Investigation of Deficit Irrigation Strategies Combining
SVAT-modeling, Optimization and Experiment
This publication dealt with the combined approach of SVAT-modeling, optimization, and
irrigation experiments for the investigation and improvement of WP in sensor-based DI
systems.
Two different irrigation strategies together with a number of system-describing parameters
were examined and their influence on WP and the overall performance of the irrigation
strategy evaluated. The investigated strategies comprised of an irrigation schedule and a
sensor-based strategy for FI and DI. Optimal parameters for those two strategies along
with different designs of the irrigation system (irrigation intervals of 4 and 24 hours, sensor
depths of 20 and 30 cm for irrigation control, one and four irrigation thresholds during
one growing season) were determined prior to the conduction of the irrigation experiment
by: (i) the framework OCCASION for the irrigation schedule strategy and (ii) a modified
version of that framework for the sensor-based strategy, with the objective to achieve high
WP with high reliability. The SVAT-model Daisy was used for simulating water movement
and crop growth.
Optimal irrigation strategies were tested and the simulation-optimization approach
verified in an intensively monitored, 3-year lasting irrigation experiment in a greenhouse
with drip-irrigated maize (Zea mays L.) in containers. Sensor control was realized through
a new sensor called pF-meter that allowed measuring the soil-water potential between pF 0
and 7 and enabled the implementation of irrigation thresholds below -800 hPa.
The derived irrigation threshold for the sensor-based FI treatment was -125 hPa. Irriga-
tion thresholds for sensor-based DI treatments ranged from -1259 to -3700 hPa. Resulting
WPET for schedule-based strategies ranged from 1.9 to 2.1 kgm-3 and for sensor-based
strategies from 1.8 to 2.3 kgm-3.
Calculating optimal irrigation schedules was computationally more demanding due to
the higher number of decision variables (individual irrigation events and amounts; greater
than 20) compared to the sensor-based strategy (one threshold and one irrigation amount
times the number of irrigation phases; chosen with one and four). If applied to the field,
actual implementation costs would be lower for schedule-based strategies and this strategy
suited in regions where little precipitation occurs and weather changes little (arid regions).
Only one irrigation schedule would be needed.
Comparing optimal sensor-based DI and FI treatments with each other showed no
significant differences. Due to the experimental design, deep percolation from the containers
was prevented which would have otherwise decreasedWP of FI treatments further. However,
overall water consumption was 30% less for DI compared to FI.
Regarding the parameters of the irrigation system, the minimal irrigation pause of 24
hours had little effect on WPET compared to 4 hours except reducing total irrigation
amounts by 100mm. A sensor position at 20 instead of 30 cm depth for irrigation control
slightly reducedWPET and increased total water consumption by around 60mm. Regarding
the number of irrigation thresholds, results for the plant growth adapted treatment remained
36
6.3 Evaluation of Very High Soil-Water Tension Threshold Values
inconclusive with similar WPET compared to other DI treatments with one single irrigation
threshold only.
The initial soil-water content (IWC) affected WP tremendously. Where IWC was high,
less water for irrigation was needed since the crop used the water stored in the soil-water
storage. However, after comparing high IWC treatments to treatments with low IWC (i.e.,
comparing WPET ), both treatments consumed the same total amount of water (465mm).
6.3 Evaluation of Very High Soil-Water Tension Threshold
Values in Sensor-Based Deficit Irrigation Systems
This article explored the potential and performance of sensor-based irrigation systems
by a systematical investigation of irrigation thresholds and irrigation amounts and their
influence on yield and WP.
Observation data from an irrigation experiment with one constant threshold throughout
the growing season of pF 3.10 was used to parameterize and recalibrate the SVAT model
Daisy with the objective to improve soil and crop parameters to satisfactorily match
observations simulate the conducted experiment. The simulation study that followed
systematically investigated parameters for implementing effective setups of DI systems
with high soil-water potential thresholds for irrigation control for open and closed container
scenarios, therefore accounting for the possibility of deep percolation from the root zone.
Investigated parameters comprised irrigation thresholds between pF2 and 4, irrigation
amount between 1 and 30mm, and minimum irrigation intervals of 4, 24, and 48 hours.
The systematical investigation for the closed container scenario resulted in highest WP
for irrigation thresholds between pF2.5 and 3.7 with irrigation amounts per application
ranging from 3 to 8mm (for the applied irrigation design of the irrigation system). For
the open container scenario, irrigation thresholds ranged from pF2.7 to 3.7 with varying
irrigation amounts per irrigation event between 1 and 30mm for highest WP. Due to
percolation, overall attainable WP was lower with 1.7 kgm-3 than compared to the closed
container scenario with 2.2 kgm-3.
The simulation study showed the range in which DI systems can successfully be operated
in order to achieve highest WP, also beyond a range of -1000 hPa. However, limitations
of the conducted irrigation experiment (e.g., replications, greenhouse, and others) and
applied model (e.g., the simulation of severe water stress, limited rooting depth) make
those results preliminary only. Obtained values for irrigation control are not final but give
first indications for reasonable irrigation thresholds and the development of effective setups
of DI systems.
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7 Summary and Conclusion
This work investigated improvements and potentials of sensor-based DI systems through:
(i) SVAT-modeling/simulation and (ii) optimization in combination with (iii) irrigation
experiments. That joined approach allowed to benefit from synergistic effects between their
individual components thereby trying to overcome limitations present in current research
and extending it to explore the full potential of sensor-based DI systems more closely.
Different SVAT models were tested for their suitability to plausibly determine crop
production under a limiting water supply by being part of a stochastic simulation-based
approach that derived SCWPF and used those as a benchmark. Optimal and with regard
to climate variability reliable control parameters for different sensor-based FI and DI
strategies were derived by simulation-optimization along with optimal irrigation schedules
for comparison, and tested and verified in intensively monitored irrigation experiments.
Irrigation was controlled through soil-water potential threshold values and realized through
a new sensor capable of measuring soil-water potential in a great range.
The experiment successfully allowed the evaluation of the effect of parameters that
determine the behavior of the irrigation system on WP and water consumption. The
recalibration of the employed SVAT model enabled the comprehensive and systematical
investigation of sensor-based DI systems and their potential range of operation in order to
employ effective setups of DI.
For SVAT models to be part of such an approach, certain requirements have to be
met. SVAT models need the realistic and plausible representation of plant physiology
and response of the crop to drought stress when being part of a simulation-optimization
approach for investing and improving WP in sensor-based DI systems. It should be pointed
out that this also involves plausible model results when incorporating climate variability
into the calculations as well. Crop parameters and other model parameters such as soil
hydraulic properties need to be reliable and robust to ensure transferability to other climatic
and geographic regions. The SVAT model needs an appropriate resolution in time and
space that matches the water flow dynamics through the soil and its spacial distribution,
since water in DI systems is generally applied with modern irrigation systems (e.g., micro
irrigation). This means favoring a daily or better hourly resolution rather than weekly
time step.
The simulation-optimization is a powerful approach to investigate and improve irrigation
systems. Derived optimal values of parameters for the different sensor- and schedule-based
FI and DI strategies were successfully verified in the conducted irrigation experiments,
shown through the equally high WPET for both strategies.
A calibrated SVAT model from observation data can be utilized to optimize all aspects
of irrigation systems; their design as well as employed irrigation strategies. However, the
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thought of not having to conduct irrigation experiments cannot be abandoned completely.
SVAT-modeling may reduce the number of conducted experiments, but minimum sets of
practical investigations still have to be conducted, but in a way that only experiments
are conducted that really matter. This means conducting a few intensively monitored
experiments rather than many poorly monitored ones. The extent of collected data is
then used for SVAT model calibration. The iterative process between SVAT-modeling,
optimization, and irrigation experiment leads to a continuous improvement of all involved
parts.
The sensor used for monitoring and irrigation control performed satisfactorily and is a
promising candidate for future applications. Irrigation thresholds of soil-water potential
beyond -800 hPa (which marks the limit for the measurement with commonly used ten-
siometers) are feasible and applicable. The systematical investigation of irrigation systems
showed irrigation thresholds of even lower than -1000 hPa sill result in high WP indicating
that investigations in that range are worth of further exploration. Despite no exact values
for irrigation thresholds due to the limitations of the conducted experiment were derived,
determined irrigation thresholds give a first indication in what range DI systems can be
operated and what their potential for improvement is.
However, more replicates are needed for validation and statistically more robust results
and generalization of the findings, which would also allow to determining exact soil-water
potential threshold values. In addition, experiments under real field conditions are required
since radiation conditions differ significantly between greenhouse and field. Container
experiments limit root growth, which in turn affects water availability. Furthermore, drip
irrigation systems involve two-dimensional processes which can only be approximated in
one-dimensional modeling.
The simulation and optimization of sensor-based DI systems with their combined approach
of irrigation experiments is a suitable and viable approach to investigate and improve such
systems. The approach is not only limited to deriving optimal parameters for irrigation
control with respect to a desired objective and constraint to be complied with, but also in
finding the most suitable experimental layout for the irrigation system in question.
The combination of simulation-optimization with a robust and reliable SVAT model
reduces experimental expenditures and enables systematical investigations of DI systems
and their range of operations as well as lay the foundation for the implementation of
effective setups in DI systems when aiming at high WP.
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8 Outlook
Extending the data base will improve model predictions with regard to the values of
parameters for optimal irrigation control as well as the suitable range of operations of DI
systems. Despite the amount of data collected during this investigation, only a fraction
was used in order to show exemplarily that the proposed approach is applicable and
in what range to look for irrigation thresholds. Incorporating the data from the other
treatments (i.e., investigated FI and DI strategies) would improve the SVAT model and
hence result in a further refinement of range of operation of DI systems as well as predicted
irrigation-controlling parameters.
However, for improved statistical significance of derived results, more replicates of
investigated treatments would be required. Due to the difference between field and
greenhouse experiments, some sort of experiment under field conditions is necessary for
further enhancement. This could be coupled with the conducted greenhouse experiments
to make already achieved results transferable.
The uncertainty from climate variability was part of the optimization when calculating
optimal values of irrigation-controlling parameters for the different irrigation management
strategies. However, the uncertainty within derived parameters for optimal irrigation
control was not, which should be included into future work. In addition, the robustness of
derived irrigation-controlling parameters towards climate uncertainty can easily be extended
within the applied framework to other factors of uncertainty such as soil heterogeneity and
salinity.
Despite the advantage of using values of soil-water potential for irrigation control, their
conversion into soil specific soil-water contents might improve applicability, since the latter
is still more common in irrigated agriculture. Sensors for measuring soil-water contents in
the range that derived soil-water potential threshold values lie are more widely available and
generally more affordable than comparable soil-water potential sensors. Derived thresholds
could therefore be easily converted into soil-specific soil-water content threshold values and
applied in the field. Irrigation schedules that are derived from irrigation thresholds are also
possible to provide, depending on the geographical region of their utilization. The transfer
of optimization results into a microcontroller is another option to benefit from an optimal
irrigation control without the need for expert knowledge. With modern communication
media on the rise, shifting to a mobile app would be feasible as well.
41

Bibliography
Abrahamsen, P. and Hansen, S. (2000). Daisy: An Open Soil-Crop-Atmosphere System
Model. Environmental Modelling & Software, 15(3):313 – 330.
Alexandratos, N. and Bruinsma, J. (2012). World Agriculture Towards 2030/2050: The
2012 Revision. ESA Working paper No. 12-03. FAO, Rome.
Allen, R. G., Pereira, L. S., Raes, D., and Smith, M. (1998). Crop evapotranspiration -
Guidelines for computing crop water requirements - FAO Irrigation and drainage paper
56. FAO, Rome, 1st edition.
Brown, P. D., Cochrane, T. A., and Krom, T. D. (2010). Optimal on-farm irrigation
scheduling with a seasonal water limit using simulated annealing. Agricultural Water
Management, 97(6):892 – 900.
Brumbelow, K. and Georgakakos, A. (2007). Consideration of Climate Variability and
Change in Agricultural Water Resources Planning. Journal of Water Resources Planning
and Management-ASCE, 133(3):275 – 285.
Caldwell, T. G., Wo¨hling, T., Young, M. H., Boyle, D. P., and McDonald, E. V. (2013).
Characterizing Disturbed Desert Soils Using Multiobjective Parameter Optimization.
Vadose Zone Journal, 12(1).
Dabach, S., Lazarovitch, N., Simunek, J., and Shani, U. (2013). Numerical Investigation of
Irrigation Scheduling Based on Soil Water Status. Irrigation Science, 31(1):27 – 36.
Domı´nguez, A., de Juan, J., Tarjuelo, J., Mart´ınez, R., and Mart´ınez-Romero, A. (2012).
Determination of optimal regulated deficit irrigation strategies for maize in a semi-arid
environment. Agricultural Water Management, 110(0):67 – 77.
Ehrgott, M. (2005). Multicriteria Optimization. Springer, Berlin, 1st edition.
English, M. (1990). Deficit Irrigation: 1. Analytical Framework. Journal of Irrigation and
Drainage Engineering-ASCE, 116(3):399 – 412.
Evett, S. R., Schwartz, R. C., Casanova, J. J., and Heng, L. K. (2012). Soil Water Sensing
For Water Balance, ET and WUE. Agricultural Water Management, 104:1 – 9.
FAO (2013). Aquastat - FAO’s Information System on Water and Agriculture.
FAO, IFAD, and WFP (2013). The State of Food Insecurity in the World 2013. The
multiple dimensions of food security. FAO, Rome.
43
Bibliography
Farsiani, A., Ghobadi, M.-E., and Jalali-Honarmand, S. (2011). The effect of water deficit
and sowing date on yield components and seed sugar contents of sweet corn (Zea mays
L.). African Journal of Agricultural Research, 6(26):5769 – 5774.
Flu¨hler, H. and Roth, K. (2004). Physik der Ungesa¨ttigten Zone. Universita¨t Heidelberg.
Fraiture, C. d. and Wichelns, D. (2010). Satisfying future water demands for agriculture.
Agricultural Water Management, 97(4, Sp. Iss. SI).
Garcia y Garcia, A., Guerra, L. C., and Hoogenboom, G. (2008). Impact of generated solar
radiation on simulated crop growth and yield. Ecological Modelling, 210(3):312 – 326.
Geerts, S. and Raes, D. (2009). Deficit Irrigation as an On-farm Strategy To Maximize
Crop Water Productivity in Dry Areas. Agricultural Water Management, 96(9):1275 –
1284.
Hansen, N. (2006). The CMA Evolution Strategy: A Comparing Review. In Lozano,
J., Larranaga, P., Inza, I., and Bengoetxea, E., editors, Towards a New Evolutionary
Computation, volume 192 of Studies in Fuzziness and Soft Computing, pages 75 – 102.
Springer Berlin / Heidelberg.
Hansen, S. (2002). Daisy, a flexible Soil-Plant-Atmosphere system Model.
Hillel, D. (2003). Introduction to Environmental Soil Physics. Elsevier Academic Press,
Amsterdam, 1st edition.
Igel, C., Hansen, N., and Roth, S. (2007). Covariance matrix adaptation for multi-objective
optimization. Evolutionary Computation, 15(1):1 – 28.
Jones, H. G. (2004). Irrigation Scheduling: Advantages and Pitfalls of Plant-based Methods.
Journal of Experimental Botany, 55(407):2427 – 2436.
Jones, H. G. (2007). Monitoring plant and soil water status: established and novel methods
revisited and their relevance to studies of drought tolerance. Journal of Experimental
Botany, 58(2):119 – 130. International Conference on Integrated Approaches to Sustain
and Improve Plant Production under Drought Stress, Rome, ITALY, SEP 24-28, 2005.
Keating, B. A., Carberry, P. S., Hammer, G. L., Probert, M. E., Robertson, M. J.,
Holzworth, D., Huth, N. I., Hargreaves, J. N. G., Meinke, H., Hochman, Z., McLean, G.,
Verburg, K., Snow, V., Dimes, J. P., Silburn, M., Wang, E., Brown, S., Bristow, K. L.,
Asseng, S., Chapman, S., McCown, R. L., Freebairn, D. M., and Smith, C. J. (2003).
An Overview of APSIM, a Model Designed for Farming Systems Simulation. European
Journal Of Agronomy, 18(3 – 4):267 – 288.
Khaledian, M. R., Mailhol, J. C., Ruelle, P., and Rosique, P. (2009). Adapting PILOTE
model for water and yield management under direct seeding system: The case of corn and
durum wheat in a Mediterranean context. Agricultural Water Management, 96(5):757 –
770. Water Resources Management 2010 Special Issue.
44
Bibliography
Maier, H., Kapelan, Z., Kasprzyk, J., Kollat, J., Matott, L., Cunha, M., Dandy, G., Gibbs,
M., Keedwell, E., Marchi, A., Ostfeld, A., Savic, D., Solomatine, D., Vrugt, J., Zecchin,
A., Minsker, B., Barbour, E., Kuczera, G., Pasha, F., Castelletti, A., Giuliani, M., and
Reed, P. (2014). Evolutionary algorithms and other metaheuristics in water resources:
Current status, research challenges and future directions. Environmental Modelling &
Software, 62(0):271 – 299.
Mailhol, J. C., Olufayo, A. A., and Ruelle, P. (1997). Sorghum and Sunflower Evapotran-
spiration and Yield from Simulated Leaf Area Index. Agricultural Water Management,
35(1-2):167 – 182.
Mailhol, J. C., Ruelle, P., Walser, S., Schuetze, N., and Dejean, C. (2011). Analysis of AET
and yield predictions under surface and buried drip irrigation systems using the Crop
Model PILOTE and Hydrus-2D. Agricultural Water Management, 98(6):1033 – 1044.
McCarthy, A. C., Hancock, N. H., and Raine, S. R. (2013). Advanced process control
of irrigation: the current state and an analysis to aid future development. Irrigation
Science, 31(3):183 – 192.
Molden, D. (2007). Water for food, water for life:Life: A Comprehensive Assessment of
Water Management in Agriculture. Earthscan, London, 1st edition.
Molden, D., Oweis, T., Steduto, P., Bindraban, P., Hanjra, M. A., and Kijne, J. (2010). Im-
proving Agricultural Water Productivity: Between Optimism and Caution. Agricultural
Water Management, 97(4, SI):528 – 535.
Montgomery, D. C. (2013). Design and Analysis of Experiments. Wiley, 1st edition.
Moore, A. D., Robertson, M. J., and Routley, R. (2011). Evaluation of the water use
efficiency of alternative farm practices at a range of spatial and temporal scales: A
conceptual framework and a modelling approach. Agricultural Systems, 104(2):162 – 174.
Oktem, A., Simsek, M., and Oktem, A. (2003). Deficit irrigation effects on sweet corn (Zea
mays saccharata Sturt) with drip irrigation system in a semi-arid region I. Water-yield
relationship. Agricultural Water Management, 61(1):63 – 74.
Olioso, A., Chauki, H., Courault, D., and Wigneron, J. (1999). Estimation of evapotran-
spiration and photosynthesis by assimilation of remote sensing data into SVAT models.
Remote Sensing Environment, 68:341 – 356.
Panda, R., Behera, S., and Kashyap, P. (2004). Effective management of irrigation water
for maize under stressed conditions. Agricultural Water Management, 66(3):181 – 203.
Payero, J. O., Melvin, S. R., Irmak, S., and Tarkalson, D. (2006). Yield response of corn
to deficit irrigation in a semiarid climate. Agricultural Water Management, 84(1-2):101 –
112.
45
Bibliography
Plauborg, F., Abrahamsen, P., Gjettermann, B., Mollerup, M., Iversen, B. V., Liu, F.,
Andersen, M. N., Hansen, S., and Hansen, S. (2010). Modelling of root ABA synthesis,
stomatal conductance, transpiration and potato production under water saving irrigation
regimes. Agricultural Water Management, 98(3, Sp. Iss. SI):425 – 439.
Richards, L. A. (1931). Capillary conduction of liquids through porous mediums. Physics,
1(5):318 – 333.
Rivera-Herna´ndez, B., Carrillo-A´vila, E., Obrador-Ola´n, J., Jua´rez-Lo´pez, J., and Aceves-
Navarro, L. (2010). Morphological quality of sweet corn (Zea mays L.) ears as response
to soil moisture tension and phosphate fertilization in Campeche, Mexico. Agricultural
Water Management, 97(9):1365 – 1374.
Romero, R., Muriel, J., Garc´ıa, I., and de la Pen˜a, D. M. (2012). Research on automatic
irrigation control: State of the art and recent results. Agricultural Water Management,
114:59 – 66.
Scheffer, F., Schachtschabel, P., and Blume, H.-P. (2010). Lehrbuch der Bodenkunde.
Spektrum, Akad. Verl., Heidelberg, 1st edition.
Schu¨tze, N., de Paly, M., and Shamir, U. (2012a). Novel Simulation-based Algorithms for
Optimal Open-loop and Closed-loop Scheduling of Deficit Irrigation Systems. Journal of
Hydroinformatics, 14(1):136 – 151.
Schu¨tze, N., Kloss, S., Lennartz, F., Al Bakri, A., and Schmitz, G. H. (2012b). Optimal
Planning and Operation of Irrigation Systems under Water Resource Constraints in
Oman Considering Climatic Uncertainty. Environmental Earth Sciences, 65(5, SI):1511 –
1521.
Schu¨tze, N. and Schmitz, G. H. (2010). OCCASION: New Planning Tool for Optimal
Climate Change Adaption Strategies in Irrigation. Journal of Irrigation and Drainage
Engineering-ASCE, 136(12):836 – 846.
Semenov, M. A. (2007). Development of high-resolution UKCIP02-based climate change
scenarios in the UK. Agricultural and Forest Meteorology, 144(1-2):127 – 138.
Shock, C., Feibert, E., and Saunders, L. (2000). Irrigation criteria for drip-irrigated onions.
Hortscience, 35(1):63 – 66.
Shock, C. C. and Wang, F. (2011). Soil Water Tension, a Powerful Measurement for
Productivity and Stewardship. Hortscience, 46(2):178 – 185.
Smith, M. (1992). CROPWAT: A computer program for irrigation planning and manage-
ment. No. 46. FAO.
Soltani, A. and Hoogenboom, G. (2007). Assessing crop management options with crop
simulation models based on generated weather data. Field Crops Research, 103(3):198 –
207.
46
Bibliography
Soundharajan, B. and Sudheer, K. P. (2009). Deficit irrigation management for rice
using crop growth simulation model in an optimization framework. Paddy and Water
Environment, 7(2):135 – 149.
Steduto, P., Hsiao, T. C., Raes, D., and Fereres, E. (2009). AquaCrop - The FAO Crop
Model to Simulate Yield Response to Water: I. Concepts and Underlying Principles.
Agronomy Journal, 101(3):426 – 437.
Steele, D., Stegman, E., and Gregor, B. (1994). Field comparison of irrigation scheduling
methods for corn. Transactions of the ASAE, 37(4):1197 – 1203.
UNDESA (2014). World Urbanization Prospects, The 2014 Revision: Highlights.
(ST/ESA/SER.A/352).
van Genuchten, M. T. (1980). A Closed-form Equation for Predicting the Hydraulic
Conductivity of Unsaturated Soils. Soil Science Society of America Journal, 44(5):892 –
898.
Vrugt, J. A. and Robinson, B. A. (2007). Improved Evolutionary Optimization from
Genetically Adaptive Multimethod Search. Proceedings of the National Academy of
Sciences of The United States of America, 104(3):708 – 711.
Wallach, D., Makowski, D., and Jones, J. W. (2006). Working with Dynamic Crop Models.
Elsevier, Amsterdam, 1st edition.
Wang, D., Kang, Y., and Wan, S. (2007a). Effect of soil matric potential on tomato yield
and water use under drip irrigation condition. Agricultural Water Management, 87(2):180
– 186.
Wang, E., Xu, J., Jiang, Q., and Austin, J. (2009). Assessing the spatial impact of climate
on wheat productivity and the potential value of climate forecasts at a regional level.
Theoretical and Applied Climatology, 95(3-4):311 – 330.
Wang, F.-X., Kang, Y., Liu, S.-P., and Hou, X.-Y. (2007b). Effects of soil matric potential
on potato growth under drip irrigation in the North China Plain. Agricultural Water
Management, 88(1-3):34 – 42.
WWAP (2012). The United Nations World Water Development Report 4: Managing Water
under Uncertainty and Risk, volume 1. UNESCO, Paris.
WWAP (2014). The United Nations World Water Development Report 2014: Water and
Energy, volume 1. UNESCO, Paris.
Zhou, A., Qu, B.-Y., Li, H., Zhao, S.-Z., Suganthan, P. N., and Zhang, Q. (2011). Multiob-
jective evolutionary algorithms: A survey of the state of the art. Swarm and Evolutionary
Computation, 1(1):32 – 49.
47
Bibliography
Zwart, S. J. and Bastiaanssen, W. G. M. (2004). Review of Measured Crop Water
Productivity Values for Irrigated Wheat, Rice, Cotton and Maize. Agricultural Water
Management, 69(2):115 – 133.
48
A Selected Publications of the Author
Page 51
Kloss, S., Pushpalatha, R., Kamoyo, K.J., Schu¨tze, N.
Evaluation of Crop Models for Simulating and Optimizing Deficit Irrigation
Systems in Arid and Semi-arid Countries Under Climate Variability
Water Resources Management 26(4), 997–1014 (2012). doi: 10.1007/s11269-011-9906-y
Page 69
Kloss, S., Grundmann, J., Seidel, S., Werisch, S., Tru¨mmner, J., Schmidhalter, U., Schu¨tze,
N.
Investigation of Deficit Irrigation Strategies Combining SVAT-modeling, Op-
timization and Experiment
Environmental Earth Sciences (2014). doi: 10.1007/s12665-014-3463-7
Page 85
Kloss, S., Schu¨tze, N., Schmidhalter, U.
Evaluation of Very High Soil-Water Tension Threshold Values in Sensor-Based
Deficit Irrigation Systems
Irrigation Drainage and Engineering (2014). doi: 10.1061/(ASCE)IR.1943-4774.0000722
49

Evaluation of Crop Models for Simulating and Optimizing
Deficit Irrigation Systems in Arid and Semi-arid
Countries Under Climate Variability
Sebastian Kloss & Raji Pushpalatha & Kefasi J. Kamoyo &
Niels Schütze
Received: 30 September 2010 /Accepted: 13 September 2011
# Springer Science+Business Media B.V. 2011
Abstract The variability of fresh water availability in arid and semi-arid countries poses a
serious challenge to farmers to cope with when depending on irrigation for crop growing. This
has shifted the focus onto improving irrigation management and water productivity (WP)
through controlled deficit irrigation (DI). DI can be conceived as a strategy to deal with these
challenges but more knowledge on risks and chances of this strategy is urgently needed. The
availability of simulation models that can reliably predict crop yield under the influence of soil,
atmosphere, irrigation, and agricultural management practices is a prerequisite for deriving
reliable and effective deficit irrigation strategies. In this context, this article discusses the
performance of the crop models CropWat, PILOTE, Daisy, and APSIM when being part of a
stochastic simulation-based approach to improve WP by focusing primarily on the impact of
climate variability. The stochastic framework consists of: (i) a weather generator for simulating
regional impacts of climate variability; (ii) a tailor-made evolutionary optimization algorithm
for optimal irrigation scheduling with limited water supply; and (iii) the above mentioned
models for simulating water transport and crop growth in a sound manner. The results present
stochastic crop water production functions (SCWPFs) that can be used as basic tools for
assessing the impact on the risk for the potential yield due to water stress and climate variability.
Example simulations from India, Malawi, France and Oman are presented and the suitability of
these crop models to be employed in a framework for optimizing WP is evaluated.
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1 Introduction
Farmers in regions that lack sufficient rainfall to sustain agriculture rely heavily on
irrigation and thus other freshwater resources to water their lands. Water used for crop
growing in arid and semi-arid environments can account for more than 90% (FAO 2010) of
the total freshwater supply making water a limited resource there. The variability of the
water availability in these climates adds to the problem. Additional socio-economic
pressure is being exerted through the current development in the world’s population. Hence
strategies are needed that improve crop growth, make irrigation more efficient and
sustainable as well as preserve farmland through better cultivation practices. This has led to
a renewed interest in techniques to improve irrigation management as well as water use
efficiency (WUE) or water productivity (WP) of irrigation systems. Molden et al. (2010)
see great potential for improvements for irrigation through techniques such as water
harvesting, supplemental irrigation, deficit irrigation (DI), precision irrigation techniques
and soil-water conservation practices. Considerable improvements in WP are feasible in
areas that suffer from imminent water scarcity, low productivity and high poverty, which is
often accompanied by severe degradations of the ecosystem such as falling groundwater
tables from excessive pumping. The preferred irrigation management practice in irrigated or
rainfed systems that are only limited in land targets most likely at maximizing crop yields.
With water being the limiting factor the benefits of a higher WP are that water and land
resources are used more effectively. Fraiture and Wichelns (2010) consequently request to
lower risks in rainfed agriculture by a better prediction of precipitation and, more
importantly, by supplemental irrigation applications.
Several definitions exist for WUE and WP depending on the area of operation. In
general, WUE represents a gain (i.e. assimilated carbon, yield, biomass or others) over its
expenses (i.e. irrigation water, transpiration sum, evapotranspiration). WUE could also be
defined as how effectively provided irrigation water is used by crops (Molden et al. 2010).
The term WP in the following is defined as crop yield per unit of depleted water but other
expressions including monetary value are possible as summarized in Vazifedoust et al.
(2008). Dealing with improvement of WP is closely related to the irrigation practice of
regulated deficit irrigation where an intentional reduction in applied irrigation water would
result in a yield drop. The ratio, however, would benefit from the cuts in water and yield
with its productivity increasing to a certain point. More profound knowledge of DI is also
needed to cope with severely limited water availability, e.g. during a drought. In such cases
impacts by water stress on the yield cannot be avoided and DI could therefore be conceived
as part of a strategy to minimize this impact on yield.
Efforts to investigate WP are numerous and can mainly be divided into two groups; (a)
field experiments which focus on crop growth and the evaluation of its effects on plants
sustaining drought stress and (b) simulation-based studies where parameterized crop growth
models that were calibrated and validated by appropriate field experiments in advance
calculate the impacts of drought stress for a diverse range of environmental boundary
conditions.
A fairly comprehensive overview of conducted field experiments provide Geerts and
Raes (2009) where investigations of different crops (among them maize, wheat and cotton)
and their respective shapes of crop water production functions (CWPFs) are summarized.
Additionally, advisable DI practices are presented. These vary within the crops without
favoring an irrigation strategy in particular and reflect the diversity of genotypes of the
investigated crops, the location they were grown at, and the crop development stages they
sustained water stress. WP is governed by these factors and it becomes clear that mere crop
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growth experiments are not sufficient to explain the findings and therefore present no
explicit solution on how to improve WP. Field experiments are in addition laborious and
expensive and furthermore cannot account for all possible combinations of water stress or
yield-affecting environmental boundary conditions.
Pursuing a simulation-based approach to investigate and improve WP is another
reasonable strategy. Khaledian et al. (2009) carried out a study where the applicability of
the crop model PILOTE for corn and durum wheat under different direct seeding methods
was investigated. The model was calibrated and validated against data of a 7-year trial in
Mediterranean climate and the method “direct seeding into mulch” compared to
conventional tillage. According to the authors PILOTE simulated leaf area index (LAI),
soil water reserve, grain yield and dry matter for both methods satisfactorily.
Potato under water saving regimes was investigated by Plauborg et al. (2010) where
experimental data on transpiration and crop yield were compared to simulated results
obtained by the model Daisy. The 2D soil water flow module was used and the model
found to be capable of simulating the water saving effects of partial root zone drying
compared to full irrigation treatments. The investigation concludes with the need for more
experimental studies since simulated effects on crop yield and water use were negligible.
Moore et al. (2011) applied a conceptual framework based on different water use
efficiencies to evaluate the productivity and sustainability of fields in Australia that were
comprised of wheat and different proportions of lucerne pastures by employing APSIM.
Wang et al. (2009) simulated the productivity of wheat and the requirement of nitrogen
under spatial climate effects with APSIM as well.
In a study that focuses rather on hydraulics, Ismail et al. (2005) investigated the water
productivity and yield production of Cotton grown in Egypt with CropWat. The model was
used to determine whether optimal continuous flow or optimal surge flow is the more
effective tool for irrigating short fields, which is the predominant field type in Egypt. The
investigation was carried out by utilizing observed data of the amount of water stored in the
ground along a furrow (and there distinguishing between beginning, middle and end section
of the furrow) for the both flow types and their respective application efficiency into
CropWat. The authors conclude that optimal surge flow resulted in higher crop yield.
The applications of the simulation-based approach are limited since the variability of
relevant climate factors (such as precipitation and temperature) and soil properties are not
considered in many of the investigations. Studies carried out by (Semenov 2007),
Brumbelow and Georgakakos (2007), Soltani and Hoogenboom (2007), Gonzalez-
Camacho et al. (2008), Garcia y Garcia et al. (2008), Tao et al. (2008) among others
employ crop growth models to examine WP under the influence of climate variability and
climate change but look only at rainfed or non irrigated sites or deal with full irrigation.
Studies by Schütze and Schmitz (2010) and Brumbelow and Georgakakos (2007)
investigate deficit irrigation systems and the influence of climate variability on crop water
production functions. Brumbelow and Georgakakos (2007) employed data of climate
change scenarios of the Intergovernmental Panel on Climate Change (IPCC) to derive
probability distribution functions of CWPF (CWPF-PDs). Schütze and Schmitz (2010)
developed the concept further and proposed a stochastic framework in form of a planning
tool for Optimal Climate Change Adaption Strategies for Irrigation (OCCASION) for
generating site specific stochastic CWPF (SCWPF).
In this context, this article discusses the performance of in total four crop models that are
being subjected to a stochastic simulation-based approach to improve WP. The yields and
corresponding water demands for different crops were calculated and their respective
CWPFs generated by utilizing the stochastic framework OCCASION. Afterwards, the
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CWPFs were statistically analyzed and evaluated. The findings were used to test the crop
models for their applicability within this framework. OCCASION was tested by Schütze
and Schmitz (2010) and was found to be a valuable tool when investigating WP of
irrigation systems and improving suchlike since stochastic water productivity function,
profit function and water demand function can easily be derived from the generated
SCWPF (Schütze et al. 2011a). Furthermore, different crop models and consequently their
locations of application were chosen to show that OCCASION can successfully be applied
to a wide spectrum of crop growth models and for many environments suggesting a sound
and robust approach to improve WP.
2 Materials and Methods
The stochastic framework in which the crop models are implemented is discussed in
Schütze and Schmitz (2010). Details about the working principle of OCCASION are
therefore hereinafter summarized briefly.
Based on Fig. 1, the stochastic framework consists of (i) a weather generator that
provides a statistically sound number of site specific climate time series, (ii) a problem
specific algorithm for optimal irrigation scheduling under limiting water supply, and (iii) a
crop model for simulating plant growth and water consumption. The application of
OCCASION results in a number of site-specific CWPFs for a certain crop because of the
number of climate time series used. These CWPFs are evaluated by means of descriptive
statistical analysis and form the basis for the SCWPF.
The weather generator applied in OCCASION is LARS-WG (Semenov et al. 1998).
Daily synthetic and statistically equal weather data of arbitrary length of global radiation,
minimum and maximum temperatures, and precipitation from historical climate time series
were created. Additionally, IPCC climate change scenarios for the year 2080 are
implemented in the software and were considered. The optimization algorithm used in
the framework (loop 1) is a problem specific evolutionary optimization algorithm named
GET-OPTIS (Global Evolutionary Technique for Optimal Irrigation Scheduling) (Schütze et
al. 2011b). Its structure differs in some aspects from conventional evolutionary algorithms
by employing the steps selection, crossover, mutation, and recombination in that order. In
conjunction with a crop model GET-OPTIS results in an irrigation schedule where the
maximum yield per growing season by any given but limited amount of total irrigation
water including application rates for each irrigation event is determined.
SCWPF are then derived within three loops (see Fig. 1). The objective of loop 1 is to
maximize the yield for one crop one climate time series and for a fixed amount of total
irrigation water during that one growing cycle. With loop 2, a complete CWPF is calculated
by iterating through a range of available total irrigation water amounts. This CWPF
represents the maximum yield that can be achieved with those amounts of total irrigation
water available and can be viewed as the potential CWPF for a specific crop and for a
specific climate time series. In loop 3, numerous CWPF are generated by iterating through
all available synthetic climate time series. These are provided by the weather generator
which can be interpreted as a Monte Carlo sampler. The resulting CWPFs are analyzed and
the SCWPF obtained through parameters of descriptive statistics such as mean, median,
quantiles and other moments. SCWPFs are empirical probability functions where for every
value of applied irrigation water the marginal distribution function of the yield
attached to it can be derived. Its quantiles can be understood as a reliability a certain
yield can be achieved.
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The crop models investigated are CropWat, PILOTE, Daisy, and the Agricultural
Production System Simulator (APSIM). Except for APSIM, all models were calibrated by
Crop Model
Iterate available
Climate Scenarios
Synthetic
Climate Scenarios
LARS-Weather
Generator
Historic
Climate Data
IPCC or Baseline
Scenario
Parameter File
One Growing
Season Yield
Irrigation
Schedule
GET-OPTIS
Global Evolutionary
Technique for Optimal
Irrigation Scheduling
Optimal
YieldIterate available
Amounts of Water
Potential
CWPF
all
CWPFs
Statistical
Analysis
Stochastic
CWPF
Fig. 1 The framework OCCASION for generating stochastic crop water production functions (Schütze and
Schmitz 2010)
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field experiments in advance to the optimization runs which were then carried out by only
taking site specific data on meteorology and soil into account. Wind and relative humidity
had to be excluded since the weather generator cannot determine those quantities. Soil
salinity or other factors affecting crop growth were also not considered as well as possible
different agricultural management practices. Instead, this investigation was kept as simple
as possible in order to focus only on weather and climate variability and its effects on water
consumption and crop yield. All water demands calculated are net amounts with irrigation
efficiency assumed to be 100% (by reason of general applicability) and where applicable
observed values were corrected prior to their use for calibration. In general, the irrigation
efficiency is difficult to determine and has to be estimated. Three sources are feasible; from
empirical studies such as provided by the FAO, from field experiments (Mailhol et al. 2011)
or from simulation studies (Schmitz et al. 2002, 2007).
2.1 CropWat
CropWat (Smith 1992) is an empirical decision support system developed by the Land and
Water Division of the FAO and is well known to farmers for its easy estimation of crop
water demands under different irrigation practices. The model considers climate, soil and
crop data. The model is based on the FAO Irrigation and Drainage papers No. 56 “Crop
evapotranspiration” and No. 33 “Yield response to water”, and for the latter its fundamental
equation described by Jensen (1968) where the relative loss in yield is proportional to the
relative reduction in evapotranspiration. The Penman-Monteith equation and respective
crop coefficients are used to calculate evapotranspiration rates. Crop growth is simulated by
the so-called linear model where gross dry matter production of a standard crop is empirical
calculated and crop-dependent correction factors for climate, growth and yield are applied
(Doorenbos et al. 1979). In this investigation a reimplementation of CropWat was used that
calculated the soil water balance on a daily basis and was designed to run in batch mode.
The model was applied in a study where the development of maize and wheat on a field in
Kharagpur, India was investigated. The 17-year (1991 to 2007) climate time series
consisted of weather records on rainfall, evaporation, relative humidity, maximum and
minimum temperatures, wind speed and solar radiation. The climate in Kharagpur can be
described as sub-humid and tropical with the growing season from September to March.
2.2 PILOTE
PILOTE (Mailhol et al. 1997) is an empirical crop growth model for simulating plant
development and calculating crop yield. The effects of water stress are taken into account
by using a water stress index. The model follows a cascading layer approach for
determining the water balance and is based on three soil water reservoirs. From these
reservoirs, amongst others, water transport, evapotranspiration and plant available water
content are managed. For yield calculations it is assumed that water is the only limiting
factor and that all other variables meet plant requirements. The impacts of water deficit are
considered by its effects on the LAI which in turn is governed by the water stress index.
This water stress index accounts for reductions in evapotranspiration rates. The actual grain
yield is calculated by the ratio of average LAI (affected by water availability) to optimal
LAI (no water stress occurred). The final yield under non-water-limited conditions, which is
also part of the equation, is determined by the harvest index and LAI-dependent intercepted
solar radiation. The model operates on daily time steps. Further descriptions and examples
for application can be found in Mailhol et al. (1997) and Khaledian et al. (2009),
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respectively. The development of maize grown on a sandy loam in the tropical continental
climate of Bwanje, Malawi was investigated in conjunction with PILOTE. The model was
parameterized with LAI and crop yield data to fit the observations of an irrigation scheme
that was introduced to farmers to fight famine. The irrigation water was applied by furrow
irrigation. Observed weather data of 35 years (1972 to 2006) were used to generate 400
climate time series in order to obtain the SWPF. In addition, the future climate change
scenarios A2 and B1 for the year 2080 were included in this investigation. At the end, the
effectiveness of the current irrigation practice was compared with the results of the
optimized irrigation schedule.
2.3 Daisy
Daisy (Abrahamsen and Hansen 2000) is a well-tested dynamic 1D soil-vegetation-
atmosphere-transfer (SVAT) model comprising of the main modules bioclimate, vegetation
and soil. These modules account for water balance, heat balance, solute balance and crop
growth. The water balance module includes a surface and a soil water balance model where
interception, evaporation, infiltration and surface run-off are considered for the former, and
water transport in macropores as well as in the soil matrix for the latter. Root water uptake
by plants is also regarded and modeled by a single root concept. Daisy calculates plant
development through simulation of crop growth, photosynthesis, respiration and root water
uptake. The development of the leaf area index is also considered. Driving variables are
weather data of daily or hourly values of at least global radiation, temperature and
precipitation. Adding values of relative humidity and wind speed is also possible. Crop
growth is simulated by dividing plant development into the three stages emergence,
flowering and maturation where the length of each stage is governed by the thermal time
(Hansen 2002). The data used to calibrate Daisy was derived from the experimental site
Lavalette in Montpellier, France where maize (variety Pioneer PR36K67) had been
cultivated on a loamy soil in the year 2007. The model was verified by an experimental run
in 2009 that confirmed crop parameters as reliable with measured vs. simulated yields of
16 tha−1 to 17.5 tha−1 for full irrigation (478 mm of total applied water of which 96 mm
came from precipitation) and 11.8 tha−1 to 12.1 tha−1 for a deficit irrigation treatment
(339 mm of total applied water of which 96 mm came from precipitation). Daily weather
data records for 17 years (1991 to 2007) were used to generate 500 realizations of synthetic
weather data for this Mediterranean climate. A subset that covered the growing period from
May to October was selected and applied for optimization runs within OCCASION. Three
cases were examined. In the first case, the SCWPF under no-rain condition was investigated; in
the second case rainfall was included. For both cases, the IPCC baseline climate scenario was
chosen. The third case comprised rainfall and the IPCC A2 climate scenario. Initial water stress
was set to zero in all cases. Even though improbable, the first case was conceived to identify
governing variables for crop yield in comparison to the second case by focusing solely on
meteorological parameters. In the third case yield development under climate variability was
investigated and compared to resulting yields of the second case. The overall model
performance was subject to investigation in all three cases.
2.4 APSIM
The Agricultural Production System Simulator (APSIM) (Keating et al. 2003) is a
mechanistic crop growth model. It was developed by the Agricultural Production Systems
Research Unit in Australia to simulate biophysical processes in farming systems by a
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modular approach to crop modeling. There are sets of modules for simulating biological
and physical processes as well as management modules that specify management practices
for the intended scenario and those control the simulation. Physical processes include soil
water movement and solutes transport, soil nitrogen, soil phosphorous, soil pH and erosion.
The soil water balance is implemented by two commonly used approaches; cascading layer
and Richards equation. The matter transport is managed by the combined numerical
solution of Richards equation and convection–dispersion equation. APSIM can be utilized
for a wide range of grain and fiber crops mostly grown in temperate and tropical climates.
Where biophysical modules are available, the model simulates growth, development, and
yield. Crops currently included are barley, cotton, maize, peanut, sorghum, sunflower,
wheat and others (Wang et al. 2002). The model operates on daily time steps (Keating et al.
2003). Maize (variety Katumani) and sorghum grown and irrigated at a hypothetical site in
the coastal plain of Al-Batinah, Oman were investigated. Observed weather data for
16 years (1991 to 2006) from Seeb weather station were used and baseline scenarios as well
as IPCC scenarios B1 and A2 for the year 2080 applied. 500 realizations for each climate
scenario were calculated whereas as subset of 100 realizations was selected for simulation/
optimization runs in APSIM. An exemplary loamy soil from the APSIM soil database was
selected which had similar properties to soils in the region; selected crop management
practices such as sowing density resembled practices in the region. Sowing date was set to
15 January with no initial water deficit present. Fertilizer was only applied when nutrient
stress was imminent.
An overview of the crop models in this study is given in Table 1 with major model
criteria and site information summarized.
3 Results for the Individual Crop Models and Discussion
3.1 CropWat
The resulting SCWPFs for maize and wheat are shown in Fig. 2. where the relative yield is
plotted against the net irrigation amount with the quantiles of 10%, 50% and 90% (from top
to bottom). For both crops, full irrigation is reached at around 600 mm of irrigation water.
For no or low irrigation, the span in relative yield is notably high with around 0.6 and
decreases with additional supply of irrigation water. For full irrigation, another extreme can
be observed; the differences in quantiles are equal zero. The reason lies within the model
structure of CropWat and its yield response proportional factor. The factor is unable to take
variability in temperature and global radiation into account and cannot substitute
photosynthesis processes. CropWat therefore does not seem predestined for calculation
runs to improve water productivity by simulation-based optimization and climate change
investigations in general.
3.2 PILOTE
The statistical analysis of generated CWPFs resulted in the SCWPF for baseline, B1
and A2 climate scenarios which are shown in Fig. 3. with triangles representing a
traditional irrigation scheme and squares representing a season independent optimized
irrigation schedule. For the season independent schedule the average yield of the 400
weather scenarios was optimized. Thus, the optimized schedule is robust to weather and
climate variations.
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As the SCWPFs show, there is a certain degree of variability within the quantiles in all
climate scenarios once full irrigation is reached. There is also a decline in yields for the
climate change scenarios A2 and B1. Looking at the baseline scenario, optimizing the
irrigation shows that the maximum potential yield may already be achieved by applying a
net irrigation amount of 350 mm. The traditional irrigation scheme on the contrary requires
a net irrigation amount of 522 mm. This is equal to water saving of 33%. Additionally, by
Fig. 3 SCWPFs and their empirical quantiles 0.1, 0.5 and 0.9 respectively for maize for IPCC scenarios A2,
B1 and baseline with respective quantiles for the traditional irrigation scheme (triangles) and season
independent optimized irrigation schedules for different total irrigation amounts (squares)
Fig. 2 SCWPFs and their empirical quantiles 0.1, 0.5 and 0.9 from top to bottom respectively for maize and
wheat at Kharagpur, India
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investigating the traditional irrigation scheme in the future IPCC climate scenarios the
schedule resulted in even less total achieved yield and in higher yield variability. An
alternative irrigation schedule with better yield reliability was found for a total of 400 mm,
450 mm and 500 mm of net irrigation water.
Up to this point, PILOTE produced satisfactory results. In a next step, the maize crop
parameters applied for Bwanje were taken and used to set up the model for the site in
Montpellier, France. The outline of these experiments was already presented in the Daisy section
in part 2. The model was parameterized and a plot of maize irrigated according to the model
predictions of an irrigation schedule generated with PILOTE. Predicted outcome was 14 tha−1
whereas actual yield harvested was 12 tha−1. Furthermore, the development of the LAI did
also not match the predictions. A closer investigation revealed unstable crop parameters and
concluded in their non-transferability to other locations. Beyond that, crop parameters taken
from the same location varied for different growing seasons as well. These circumstances make
it difficult to apply PILOTE in performance studies for optimizing water productivity. Reliable
results may be obtained, however, once stable crop parameters are found.
3.3 Daisy
The results for the no-rain case are shown in Fig. 4. with generated CWPF on the left side and
their corresponding SCWPF on the right. In there, applied water amounts ranging from 0 mm
(no irrigation) to 500 mm (full irrigation) and crop yields between 10 tha−1 to 13 tha−1 at full
irrigation are plotted. The variability in crop yields (in absolute and relative terms) is greatest
at full irrigation and decreases rapidly with less water applied. Since precipitation can be ruled
out, it is believed that temperature and global radiation are the only major governing variables
for crop growth and are therefore the reason for the variability in yields near full irrigation.
This assumption is supported by the nearly normal distributed marginal distribution of the
yield at full irrigation (not shown in the Figure). In contrast to this observation Daisy
calculates crop yields for no or little irrigation but results are implausible for such low water
applications. In theory it is possible to deprive the crop of water for almost the entire growing
season and apply water only at the end and still get a fair amount of crop yield. This is caused
by Daisy’s inability to simulate irreversible damage to the crop during drought stress. Though
photosynthesis is reduced, once fully irrigated again, full transpiration rates are restored.
Another reason is the initial soil moisture content which is used to calculate small but still
unreliable amounts of yield. In any case, this range of water application is only of little
scientific interest and may therefore be neglected.
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Fig. 4 Samples of generated CWPFs (left) and SCWPF (right) under no rain conditions for maize grown at
Lavalette site, Montpellier, France (Schütze and Schmitz 2010)
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In a next step, the variability of rainfall was added to the simulation by taking precipitation
into account (second case). Figure 5 shows the 500 generated CWPFs and the derived
SCWPF. In comparison to case one (no-rain) yields range from 0.5 tha−1 to 7 tha−1 where no
irrigation water was applied. Besides temperature and global radiation, the yield variability is
now dominated by irrigation events; a left skewed marginal distribution at 0 mm irrigation
water (not shown) seems to confirm that explanation. With increasing amounts of irrigation
water, however, global radiation and temperature become the main factors until a point where
they almost entirely govern the variability in yields. Differences in the quantiles at full
irrigation between this case and the no-rain case are however present indicating that a slight
influence of precipitation remains. The marginal distribution at 500 mm follows a rather
symmetrically distributed curve (not shown) which supports that conclusion.
In Fig. 6 the results for case three (IPCC A2 climate scenario) are shown. The resulting
SCWPF, which is comprised of 500 CWPFs, shows potential yields of 8 tha−1 to 11 tha−1
at full irrigation. Compared to case two (IPCC baseline climate scenario), increased
temperatures have caused a notable drop in crop yield of almost 2 tha−1 at full irrigation.
Additionally, the higher skewness coefficient of the yield marginal distribution at 0 mm
irrigation water is an indicator for an increased probability of dry conditions. The highest
variance in potential yields can be observed between 60 mm and 210 mm due to the
superposition of rainfall and radiation/temperature variability. The highest crop water
productivity seems to be around 310 mm.
Daisy performed well. Projected crop yields, their respective water demands and the
overall SCWPF curve progression seems plausible for the applied scenarios of no-rain and
rain condition as well as the climate change scenario A2. By comparison of these scenarios,
major meteorological variables influencing the variability of potential yields, i.e. global
radiation, temperature and precipitation, could be identified. A set back in the Daisy model
application is its inability to simulate permanent damage to the crop if heavy drought stress
is sustained since the crop’s ability to photosynthesize at a full rate is restored afterwards.
This together with the initial soil water reserve explains the implausible simulated crop
yields in the CWPFs when total irrigation sums are very low (below 50 mm) which are
however of little scientific interest and therefore negligible.
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Fig. 5 Samples of generated CWPFs (left) and SCWPF (right) under rain conditions for maize grown at
Lavalette site, Montpellier, France (Schütze and Schmitz 2010)
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3.4 APSIM
The results for maize and sorghum are shown in Figs. 7 and 8, respectively. In both figures
the impact on potential yield for one growing cycle for baseline (top row), B1 (middle row)
and A2 (bottom row) scenarios are presented. Furthermore, the figures are separated into
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SCWPF shown in the left column, and the yield histogram at an irrigation amount of
150 mm in the middle column as well as near full irrigation in the right column (400 mm
for maize and 450 mm for sorghum). Comparing the three climate scenarios with each
other, the yield for maize is reduced from 7.1 tha−1 (baseline) over 6.1 tha−1 (B1) to 5.7 t
ha−1 (A2). The temperature and radiation driven changes not only affect crop development
in early stages and thus leading to faster plant development and shorter vegetative phases
but also increase water requirements in a way that e.g. 400 mm are not sufficient anymore
to reach near full yield potential. At the same time, standard deviations decrease with
available amount of water (within the scenarios) as well as with temperature (between the
scenarios) meaning the reliability to reach a certain crop yield increases.
Looking at the baseline and A2 climate scenarios the drop in sorghum yields is not as high as
for maize. This indicates a lighter impact of water stress and climate variability on the
development of sorghumwith yields decreasing from 10.3 tha−1 (for baseline) to 9.6 tha−1 (for
A2). There is also a change in the histogram distribution between 150 mm and 450 mm
within each climate scenario from skewed to normal indicating a dominating impact of
temperature and radiation. The changes in the B1 climate scenario are not as strong. These
results seem to indicate that the cultivation of sorghum as a crop with high water stress
resistance could be a viable option when considering future cropping patterns.
The results suggest that APSIM can cope with climate variability and calculates
plausible potential crop yields for the different climate scenarios. Values for maize and
sorghum suggest good model performance when investigating systems to improve water
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productivity. The true potential of APSIM, however, may only be fully discovered once
field experiments have been carried out and findings used for calibration. Until then APSIM
remains a promising candidate for the framework presented.
4 Summary and Conclusion
This study, and its application of OCCASION, is limited to the investigation of water
productivity under the influence of climate variability where only global radiation,
temperature and precipitation were considered. There are, however, more variables
affecting water productivity such as soil salinity, agricultural management practices and
soil variability. In theory, all these variables could be implemented into OCCASION with
no increase in complexity of the optimization problem since the random variables are
independent. Hence, it must be mentioned that presented results are only valid within the
boundaries specified.
CropWat showed unsatisfying performance for the investigated scenarios. Quantiles of
yield of the SCWPF did not differ once full irrigation was reached. Reason is the yield
response proportional factor that accounts for the relative loss in yield. The factor is no
adequate substitute to describe plant physiology and reaction to climate variability and
climate change. The successor of CropWat is AquaCrop where fundamental changes were
made by replacing the yield response proportional factor. Main changes include the
separation of evapotranspiration into crop transpiration and soil evaporation. Beyond, crop
yield now depends on crop biomass and harvest index. Another improvement is the change
in time steps to days which now enables the plant response to drought stress adequately
(Steduto et al. 2009). This makes AquaCrop a possibly more suitable candidate for water
productivity improvements within a stochastic framework. This conclusion is supported
through results presented by Geerts et al. (2009) and Heng et al. (2009). Unfortunately,
batch processing remains an unsolved problem in AquaCrop.
PILOTE did perform well and plausible results were obtained for the investigated site for the
baseline, A2 and B1 climate scenarios. Unlike CropWat, there was certain variability in
quantiles once full irrigation was reached. Transferring the model to another location, however,
showed less satisfactory results. A more detailed investigation revealed that applied crop
parameters were not transferable to other locations. Therefore, once a conservative set of cop
parameters is found PILOTE might be well suited for optimizing water productivity.
Daisy has convinced in most of the cases. The model is capable of plausibly simulating
potential yields and the respective supply of irrigation water for no-rain and rain conditions.
Daisy can also take scenarios with different climate settings, historic as well as future, into
account and produces results that are well in the range of expectation. All this, however,
applies only for light drought stress where no permanent damage occurs to the crop. Cases
that yet result in irreversible damage to the plant are neither of scientific nor practical or
economic relevance and are limited to values in the range of the lower third of the
generated SCWPF. This set back is outweighed by the fact that model and crop parameters
were successfully applied in another study for a location in Germany where an irrigation
experiment was carried out with different treatments for water stress (Walser et al.
2011). Irrigation schemes and projected yields were simulated by OCCASION prior to
the experimental run. Results indicate that model and crop parameters in particular are
robust and transferable. Values taken from the upper third of the generated SCWPF can
therefore be used reliably. Limitations in the range of the middle section of the SCWPF
have not yet been determined. It can be concluded that Daisy seems to be a suitable
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candidate to be used in a simulation based approach to improve water productivity within
a stochastic framework.
APSIM, the only SVAT model that was not calibrated by field experiments in advance
but where observed weather and soil input data were used, showed plausible results for
potential yields and water demands for baseline, A2 and B1 climate scenarios for maize and
sorghum. The results also imply that substituting plants by crops better suited to drier
conditions, such as sorghum compared to maize, could be part of an approach to cope with
climate change when considering future cropping patterns (besides other factors affecting
this choice). Even though carried out as a hypothetical study, APSIM remains to be a
promising candidate for optimization within the applied framework. Nevertheless, it is still
necessary to conduct a limited number of experiments in order to obtain cultivar-specific
crop parameters for model calibration.
The results presented show that not all crop growth models are eligible for simulation-
based optimization that targets at the improvement of water productivity within a stochastic
framework. Certain criteria have to be met for obtaining plausible values of potential yields
and their respective water demands. These criteria are most importantly (i) the good
representation of plant physiology within the crop growth model with modules for
assimilation, respiration, partitioning of carbon, senescence and others along with (ii) the
realistic and plausible response of crop to water stress. Beyond that, minor considerations
are (iii) the model’s ability to account for spatial distribution of water in soil when dealing
with modern irrigation systems such as micro irrigation and (iv) favoring a time resolution
of days instead of weeks for better consideration of plant response to water stress. Finally,
all models are in need of (v) robust crop parameters that allow for their transferability and
application in a wide range of locations.
Beyond that, it became apparent during the investigation that crop growth models also
have to fulfill certain basic requirements for being efficiently utilized as part of this
stochastic framework at all. The model has to (i) be able to consider climate variability to
take full benefit from the weather generator’s built-in IPCC climate change scenarios. (ii)
Model parameters have to be transferable in space and time for a robust model application.
And there is the practical aspect that (iii) the model should have the ability for batch
processing since several hundred simulations have to be evaluated in order to obtain the
SCWPF. All crop growth models complied with the last point except for CropWat.
Computational effort and therefore runtime for a simulation might be an issue but can be
mitigated by high-performance computing (HPC).
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Abstract Irrigation farming is the greatest consumer of
the Earth’s freshwater resources. In the light of an
increasing water demand caused by growing population,
effective methods are required that use the available water
resources efficiently and increase the overall productivity
of irrigation systems. In this contribution, a combined
approach of simulation–optimization and experiments was
applied to investigate and evaluate two different irrigation
strategies and their parameters for maize with the objective
to achieve high water productivity (WP) with high reli-
ability. Thereby, a soil–vegetation–atmosphere transfer
(SVAT) model was used to simulate crop growth and soil
water transport, together with task-specific optimization
algorithms to determine optimal parameters for irrigation
schedules and sensor-based full and deficit irrigation con-
trols. An intensively monitored 3-year irrigation experi-
ment was conducted for testing different irrigation designs
and verifying the simulation–optimization approach. A
new sensor for measuring soil water potentials from pF 0 to
pF 7 allowed for applying optimized irrigation thresholds
greater than 1,000 hPa. Attained WPET from the irrigation
experiments were generally high and ranged from 1.8 to
2:3 kg m3. The impact of irrigation system parameters on
WP, such as irrigation interval, sensor depth, number of
irrigation thresholds, and the soil’s initial water content
were evaluated and discussed. Results indicate that
thresholds beyond the measurement range of commonly
used tensiometers are feasible. Furthermore, the combina-
tion of SVAT-modeling and optimization has the potential
to systematically investigate and improve irrigation sys-
tems as well as to reduce the number of required field
experiments.
Keywords Sensor-based irrigation control  Deficit
irrigation  Simulation–optimization  SVAT-modeling 
Water productivity  Maize
Introduction
Seventy percent of the Earth’s freshwater resources are
used for agriculture (FAO 2010). Especially in arid and
semi-arid regions, characterized by low availability of
freshwater from renewable sources, the water demand for
agriculture has competition from the municipal and the
industrial sector. The increase in population may further
intensify the distribution problem leaving little space for
wasting water due to bad management or low efficiency in
irrigation practices. Investigations and techniques are
needed that foster good water management practices by
developing methods further that support water-saving
strategies as shown by Feng et al. (2011), Liu and Wang
(2012), and Masoud and Atwia (2011), among others. The
task is to improve the overall productivity of the irrigation
system in order to use the available water resources more
efficiently.
The performance of an irrigation systems is reflected by
its water use efficiency or water productivity (WP). When
confronted with severe water scarcity, increasing or
improving WP of irrigation systems is, in general, a viable
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strategy to conserve limited water resources and to make
best use of the available water supply. WP is defined by a
gain over its expenses. This could be, for instance, the
amount of assimilated carbon, crop yield, marketable yield
or any generated amount of produce for each unit of
transpiration or evapotranspiration (ET) (Molden et al.
2010; Vazifedoust et al. 2008). In the irrigation sector, WP
refers to crop yield over applied water. Where only directly
provided irrigation water is considered, it is referred to as
WPI and may also include precipitation, if contributing
considerably. When related to evapotranspiration, the term
WPET is used, which also recognizes the change in the soil
water reserve (DS). An overview of achieved WPET from
experiments was provided by Zwart and Bastiaanssen
(2004), where values range from 0.6 to 1.7 kg m3 for
wheat, 0.6–1:6 kg m3 for rice, 0.14–0:33 kg m3 for
cotton, and 1.1–2:7 kg m3 for maize.
The range in WPET indicates great potential for
improvement. When looking at the lower values in par-
ticular, these figures seem to come from irrigation systems
that run little efficient. A suboptimal full irrigation (FI)
system, for instance, is characterized by high yields but
also high percolation losses from over-irrigation, which
will result in a low WP (English 1990). Fully irrigated,
suboptimal irrigation systems ought to be transformed into
optimal FI systems, where yields are still high but little to
none water is lost by deep percolation. Improvements of
WP beyond that point can only be achieved by optimal
deficit irrigation (DI), which makes use of the plant’s dif-
ferent phases of susceptibility to water stress. During
flowering, for instance, tolerance to drought is mostly little
and stress should be avoided. Other phases are less prone to
stress and water can be saved without affecting yield for-
mation greatly. To achieve an optimal water supply, an
accuracy is needed, which can only be provided by drip
irrigation systems (Jones 2004).
The success of DI systems depends on their irrigation
scheduling (Shock and Wang 2011). It is mandatory to
maintain the soil water status in a suitable range for plant
production. For FI systems, that range would be around
field capacity, whereas for DI systems it is not easy to
determine. Besides plant or soil water balance-based
approaches for irrigation scheduling, a suitable option is to
find a water status-based indicator for triggering irrigation
such as the soil water potential. Using the soil water
potential is reasonable when looking at the working prin-
ciple behind plant transpiration. The plant serves as
transmitter of pressure gradients between soil and atmo-
sphere. Therefore, the soil water potential of the sur-
rounding soil can be directly related to exerted stresses in
the plant tissue. Furthermore, characteristic points of soil
water potential are similar for all soils whereas the soil
moisture differs, depending on soil type and profile. Hys-
teresis effects have also not to be considered (Shock and
Wang 2011). Thresholds, that are used for irrigation
scheduling in such a way, find their implementation in
sensor-based irrigation systems.
A lot of research has been conducted for finding suitable
irrigation thresholds, irrigation amounts, and sensor posi-
tions for irrigation control, but investigations seem to focus
rather on trial and error methods in field experiments.
Derived thresholds for maize and other vegetables, such as
tomato, onion, or potato, range from 100 to 500 hPa
(Wang et al. 2007a, b; Steele et al. 1994; Rivera-Hernandez
et al. 2010) and seem to be limited to the measurement
range of commonly used tensiometers, which is 700 to
800 hPa. However, field experiments are time consuming
and expensive, and fail to encompass all environmental
boundary conditions, present as well as future. Results are
not transferable to other sites and restricted to the condi-
tions under which the experiment was run.
Therefore, extending field experiments by soil–vegeta-
tion–atmosphere transfer (SVAT) modeling that help to
understand and calculate involved processes, such as water
transport and crop growth, offers the opportunity to
investigate other yield-affecting factors and to generalize
results, thus making them transferable to other sites, while
reducing experimental expenditures. Many SVAT-models
such as APSIM (Keating et al. 2003), Daisy (Abrahamsen
and Hansen 2000), or Pilote (Mailhol et al. 1997) are
available and were tested in various applications for their
suitability to simulate crop growth (e.g., Asseng et al.
2013; Kloss et al. 2012; Palosuo et al. 2011).
Combining SVAT-modeling with optimization allows
finding optimal irrigation thresholds for irrigation sched-
uling with regard to the desired objective such as crop
yield, farm profit or others. Soundharajan and Sudheer
(2009) examined optimal irrigation schedules for rice using
the crop model ORYZA2000 and a genetic algorithm.
Dabach et al. (2013) applied Hydrus2D/3D for determining
optimal irrigation thresholds in sensor-based irrigation
systems, but the model was not suited to simulate a whole
growing period. Schu¨tze et al. (2012b) presented the opti-
mization method Global Evolutionary Technique for
Optimal Irrigation Scheduling (GET-OPTIS) that can be
coupled with any SVAT-model for simulating and opti-
mizing the scheduling of DI systems over the whole
growing period. This method is able to achieve highest
crop yield for a previously defined but limited amount of
water while minimizing the number of decision variables,
i.e., number of irrigation events. Mailhol et al. (2011)
applied GET-OPTIS in a study where a combination of
simulation, optimization and field experiments was used to
achieve a certain targeted crop yield by optimized DI
4902 Environ Earth Sci (2014) 72:4901–4915
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schedules for surface and subsurface drip irrigation sys-
tems. However, many simulation–optimization-based
approaches do not regard variability from soils and climate
(e.g., precipitation, temperature or solar radiation), which is
mandatory to obtain reliable irrigation schedules.
Studies that investigate WP and considered climate
variability and change were conducted by Semenov (2007),
Soltani and Hoogenboom (2007), and Garcia et al. (2008),
among others, but focused mainly on rain-fed, non-irri-
gated or fully irrigated sites. For DI systems, Brown et al.
(2010) derived optimal irrigation schedules for maximizing
farm profits under a limited water supply by identifying
soil moisture levels that would trigger irrigation. Brum-
below and Georgakakos (2007) derived probability func-
tions of crop production, so-called crop water production
functions (CWPFs), where climate change scenarios pro-
posed by the Intergovernmental Panel on Climate Change
were incorporated to estimate potential crop production.
Based on this concept, Schu¨tze and Schmitz (2010)
developed the framework Optimal Climate Change Adap-
tion Strategies for Irrigation (OCCASION) that allows for
generalizing and utilizing site-specific stochastic CWPFs.
These functions contained optimal and, with regard to
climate variability, reliable irrigation schedules for DI
systems and were applied in a case study for an arid
environment (Schu¨tze et al. 2012a). However, all these
contributions were merely theoretical studies and were not
tested in real-world application nor were they used in
conjunction with field experiments. A comprehensive
application of experiment, simulation and optimization for
improving irrigation systems seems to still be missing
(McCarthy et al. 2013).
In this contribution, existing gaps were addressed by
employing a simulation–optimization approach for inves-
tigating optimal irrigation strategies. These strategies
included optimal irrigation schedules and sensor-based
irrigation systems with focus on DI and were compared to
a fully irrigated reference. The simulation–optimization
approach was accompanied by an intensively monitored
irrigation experiment with drip-irrigated maize in con-
tainers in a greenhouse. For monitoring and irrigation
control, a new sensor called pF-meter was used that
allowed measuring the soil water potential in a range
between 1 and 1  107 hPa (pF 0 to pF 7). Focus was put
on improving WP and the investigation of factors that
determine the behavior of the irrigation system, namely
irrigation interval, sensor depth, number of irrigation
thresholds, and the soil’s initial water content (IWC).
Results from the experiment were used to verify the
simulation–optimization approach as well as to compare,
evaluate and discuss the performance of investigated
irrigation strategies.
Materials and methods
This section describes the combined approach of the sim-
ulation–optimization and the experiments to investigate
two different irrigation strategies regarding WP. The
methodologies for determining optimal irrigation schedules
and optimal parameters for a sensor-based irrigation strat-
egy are laid out and treatments that were derived from
these strategies are presented. This is followed by the
layout of the experiment where these treatments were tes-
ted in a greenhouse with drip-irrigated maize.
Optimal irrigation strategies
For determining optimal decision variables for both irri-
gation strategies the simulation–optimization framework,
OCCASION (Schu¨tze and Schmitz 2010) was used and
slightly adapted to better fit the presented problem. The
adapted framework consists of three parts: (i) the weather
generator LARS-WG (Semenov et al. 1998) that provides
site-specific synthetic weather series with statistically
comparable properties from observed weather thus adding
statistical significance to the investigated objective; (ii) the
crop growth model Daisy (Abrahamsen and Hansen 2000 )
for simulating plant production and water consumption;
and (iii) an optimization algorithm that finds optimal
solutions for the applied irrigation strategy and under given
constraints.
Daisy is a physically based 1D soil vegetation atmo-
sphere transfer model with a modular structure. Modules
for bioclimate, vegetation and soil allow to determine
fluxes and balances for water, heat, and solutes. Crop
growth is simulated by photosynthesis and respiration. The
crop’s development is divided into the development stages
(DS) of emergence (DS 0), flowering (DS 1), and matu-
ration (DS 2) where the thermal time determines the
duration of each stage. The single root concept is applied to
withdraw water from the ground. Water transport through
the soil matrix is calculated by Richards equation. Daisy
uses daily values of observed weather to operate. Daisy
was tested for moderate and no water stress scenarios and
performed satisfactorily (Kloss et al. 2012). An already
calibrated and validated Daisy model for the experimental
station Lavalette in Montpellier, France where maize of the
same variety was grown in 2007 and 2009 (Mailhol et al.
2011; Seidel 2012) was used for the optimization.
Optimal irrigation schedule
Objective of an optimal irrigation schedule was to maxi-
mize the crop yield Y for a given but limited amount of
water V0, which is distributed over the growing period of
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the crop. The amount of individual irrigation events as well
as dates when to irrigate had to be determined. The effect
of the irrigation schedule on the crop yield was simulated
by the Daisy model. The optimization problem can be
described as a mixed integer nonlinear optimization prob-
lem with continuous and discrete decision variables by the
objective function F1:
maxðF1Þ ¼ max YðSÞ  2  normðviÞi¼1nﬃﬃﬃ
n
p
 
ð1Þ
with S ¼ fsigi¼1n ¼ fdi; vigi¼1n; n; di 2 N; vi 2 R
ð2Þ
subject to :
X
n
i¼1
vi ¼ V0 \ di  dmin \ vi  vmin ð3Þ
with Y the yield and S the irrigation schedule over the
growing period, consisting of si with i ¼ 1    n individual
irrigation events. Each individual event is specified by a
date di and an irrigation amount vi. The number of irriga-
tion events n is not fixed and part of the optimization, i.e., a
decision variable itself. The objective function is deducted
by a regulatory term that accounts for the number and
equality of individual irrigation events. The smaller the
number of individual events and the closer their values to
each other, the smaller the deduction and the higher the
fitness value. This is implemented for practical reasons in
real-world application by ensuring the irrigation events to
be as small in numbers and as equal in amounts as possible.
The optimization is additionally subjected to the con-
straints dmin the minimum time between consecutive irri-
gation events and vmin the minimum amount of water per
irrigation event, which reduces computational efforts by
restricting irrigation schedules to feasible solutions only.
The computation of optimal irrigation schedules is done by
GET-OPTIS (Schu¨tze et al. 2012b) and starts with a ran-
dom set of schedules (population). Each member has a
fitness value assigned to it which is directly related to the
objective function F1. This fitness value is determined and
tried to be maximized in each iteration step of the opti-
mization. The optimal irrigation schedule for highest Y is
then:
arg maxðF1Þ ¼ fðdi; viÞi¼1ng ð4Þ
For determining optimal schedules in this study, an average
year was derived from 500 years of synthetic weather
provided by LARS-WG. Synthetic weather scenarios are
normally used to increase the reliability of derived sched-
ules by incorporating the statistical characteristics of a
random sample of generated weather scenarios. In order to
Loop
Historic
weather data
Synthetic
weather scenarios
LARS
Weather generator
Daisy
Crop growth model
One
growing season
Irrigation schedule
Yield
Expected
average year
GET-OPTIS
Global Evolutionary
Technique for Optimal
Irrigation Scheduling
Amount of total
available water Optimal schedule
Initial conditions
Initial irrigation
Fig. 1 Methodological
procedure for determining
optimal irrigation schedules
(modified after Schu¨tze and
Schmitz 2010)
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reduce computational efforts, however, the average year
was used instead. The optimization loop (Fig. 1) maxi-
mized the crop yield (according to Eq. 1) for that average
year for a given amount of water V0, which was chosen in a
way to apply moderate water stress only. The irrigation
schedule started after an initial full irrigation phase until
root water uptake at the 30 cm depth in the irrigation
experiment, which was conducted parallel, was apparent in
order to ensure plant establishment. Therefore, the soil’s
IWC as well as irrigation events from that phase were part
of the simulation model. The solution converged in less
than 1,000 iterations.
Optimal sensor-based strategy
The design of an optimal sensor-based irrigation strategy
requires knowledge about appropriate soil water potential
thresholds hk as well as sensor positions triggering the
irrigation, the irrigation amount per irrigation event vk
and the pause between consecutive irrigation events.
Those parameters should be determined in a way to
allow for achieving a high crop yield or WP with high
reliability under varying local weather conditions. In
order to account for the variability of local weather, the
optimization problem was described in a probabilistic
form:
maxðF2Þ ¼ max PðWPETÞ 0:9ð Þ ð5Þ
with WPET ¼ Y
ET
ð6Þ
subject to
X
n
i¼1
vi V0 \ Y  Ymin; Y 2 R; n 2 N ð7Þ
with the objective function F2 that aimed at maximizing
the probability P of WPET being equal or higher than the
90 %-quantile, meaning that this WPET value will be
achieved in 90 % of all cases of possible weather realiza-
tions. The optimal solution is then:
arg maxðF2Þ ¼ fðhk; vkÞk¼1;4g; hk; vk 2 R; k 2 N ð8Þ
Decision variables were the soil water potential thresholds
hk and the irrigation amount per irrigation event vk for k
numbers of considered plant development stages. The
sensor position and the pause between consecutive irriga-
tion events were fixed and subject to analysis within field
experiments. Two constraints were introduced: the total
amount of water from individual irrigation events vki had to
exceed a minimum total irrigation V0 to ensure exerted
water stress to the crops was moderate only; and a mini-
mum yield Ymin had to be reached or surpassed. The sensor-
based irrigation control started after an initial full irrigation
plan which ensured that obvious root water uptake was
observed at the 30 cm sensor depth in the irrigation
experiment. Hence, the soil’s IWC and applied irrigation
until the sensor-based control was implemented, were part
of the simulation model.
Optimization Loop
Historic
weather data
Synthetic
weather scenarios
LARS
Weather generator
Selected
weather scenarios
Daisy
Crop growth model
Water productivity
of scenarios
Sensor threshold
Irrigation amount
CMA-ES
Covariance Matrix
Adaption Evolution
Strategy
Initial conditions
Initial irrigation
Optimal threshold
Optimal irrigation
Statistical analysis
P(WPET)  0.9)
Monte Carlo Step
Fig. 2 Methodological
procedure for determining
optimal sensor-based irrigation
strategies
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The determination of optimal parameters for the sensor-
based DI strategies was carried out as a Monte Carlo
optimization, consisting of an inner Monte Carlo step and
an outer optimization loop (Fig. 2). Out of 500 years of
generated weather realizations from historical weather
data, 200 realizations were randomly chosen and simulated
by the calibrated Daisy model for an initial set of decision
variables—the soil water potential threshold and irrigation
amount per irrigation event—provided by the optimization
algorithm. WPET values were calculated for each of the
simulations and analyzed statistically in order to determine
the 90 %-quantile of WPET. The single objective method
Covariance Matrix Adaptation Evolution Strategy (CMA-
ES, Hansen 2006) was used to solve the outlined optimi-
zation problem, which aimed on maximizing the WPET
value of the 90 %-quantile by improving the set of decision
variables. Depending on the number of sensor-based irri-
gation phases, the number of decision variables varied
between two (for k ¼ 1) and eight (for k ¼ 4). Here as
well, the solution converged in less than 1,000 iterations.
Investigated treatments
The above presented methodologies were used to calculate
different designs of schedule-based and sensor-based irri-
gation strategies. These treatments differed in the irrigation
interval, the location of the sensor that controlled irrigation,
the number of irrigation thresholds, and the soil’s IWC.
This allowed comparing irrigation strategies with each
other as well as to investigate the effects of their designs on
WP. A treatment for a deficit irrigation schedule (DI-
schedule) was calculated and served as comparison for the
sensor-based irrigation strategies. For the sensor-based
deficit irrigation treatments, a single constant threshold and
irrigation amount per irrigation event was investigated. A
depth of 20 and 30 cm for the location of the sensor that
controlled irrigation was selected to see whether a greater
or lower sensor depth is more preferable. To account for
water redistribution in the soil after an irrigation, two
minimum pauses between irrigation events were chosen,
namely 4 and 24 h. The corresponding treatments were
named DI1-4h-30cm, DI1-24h-30cm and DI1-24h-20cm.
Another treatment comprised four irrigation thresholds and
respective irrigation amounts per event to better account
for the stress susceptibility of the plant’s development
stages and to compare it to the single threshold treatments.
Plant development was divided into vegetative phase
(before DS 0.75), flowering (DS 0.75–DS 1.15), yield
formation (DS 1.15–DS 1.75) and ripening (DS 1.75–DS
2.0). The treatment was denoted DI4-4h-30cm, with the
minimum pause set to 4 h and the sensor positioned at a
depth of 30 cm. The sensor-based fully irrigated reference
FI-4h-30cm served as comparison to all investigated
treatments. For all treatments, nutrition deficiency of plants
was disregarded and an irrigation efficiency of 100 %
assumed.
Experimental layout
Irrigation strategies were tested in an intensively monitored
irrigation experiment under controlled conditions. The
experiment was carried out in a greenhouse located at
Du¨rnast experimental station, Technische Universita¨t
Mu¨nchen, Germany (4824:250N; 1141:540E, elevation
Ti
Tj
T
m
T
n
MainR1 R2
N
MainR1 R2
20
30
40
60
Depth
(cm)
Sensor pairControlling
sensor pair
(a) (b)Fig. 3 Experimental layout of
the irrigation experiment with
the containers from side view:
a including sensor positions in
the main container (Main) and
replicates (R1 and R2) and their
aggregation b to four treatments
(i, j, m, n) shown in top view
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473 m). The roof of the greenhouse was opened on days
without precipitation and was otherwise closed to avoid
additional water to the treatments from rainfall. Maize (Zea
maize L., variety Pioneer PR36K67) was grown in con-
tainers in three consecutive years (2010–2012) (Fig. 3b).
Each container was 0:73  0:55  0:95 m in size
(height  width  depth). The maize was sown in the
middle of May and harvested by the end of September.
Each container held five maize plants in a single plant row.
Three containers were combined to one treatment with the
main container in the middle and bordered by the replicates
(Main, R1, and R2, respectively). Plant row spacing mea-
sured 75 cm with a plant density of ten plants per square
meter. The soil was filled into the container up to a height
of 70 cm and was composed of 77 % sand and 23 % silt
(according to USDA). The bottom was sealed so no water
could seep out of the container. The drip line was placed
alongside each plant row with drip emitters in close
proximity to the plant and a discharge rate of 1 L h1.
Soil moisture and soil water potential was monitored at
the depths of 20, 30, 40 and 60 cm (Fig. 3a) by pairs of
TDR probes (CS630, Co. Campbell Scientific, Inc., USA)
and pF-meters (Co. ecoTech Umwelt-MeSSsysteme
GmbH, Germany). The measurement principle behind the
pF-meter allowed for measuring the soil water potential in
a range from 1 to 1  107 hPa (pF 0 to pF 7). The sensor
uses a heat impulse to measure the amount of water in the
sensor’s ceramic tip, which is in contact with the sur-
rounding soil matrix, and derives the respective soil water
potential from the change in temperature during that
measurement. Sensor pairs at the 20 and 40 cm depth were
horizontally displaced by 15 and 10 cm around the middle,
respectively, while the remaining pairs were arranged in a
vertical line below the plant. Sensor readings were taken
every 15 min. Weather data (solar radiation, temperature,
relative humidity, wind speed and wind direction) was
collected by a weather station inside the greenhouse as well
as by a nearby meteorological station outside.
All treatments were fully irrigated at the beginning until
obvious root water uptake was observed at the 30 cm
sensor depth. After that, irrigation practices were changed
to optimal irrigation schedules and optimal sensor-based
irrigation strategies.
Results
Overview about the experiments
The irrigation experiments took, on average, 137 days per
year from sowing to harvest. The maize received a global
radiation sum of in total 1,500 MJ m2 and a cumulative
heat, expressed as growing degree days or thermal time, of
2,850 C d simply by adding daily mean temperatures. This
lay well within the range of magnitude from the synthetic
time series that were provided by the weather generator for
model calculations (Fig. 4).
The extent of the investigated treatments was consid-
erable. Selected results that adequately represent the find-
ings are shown in the following and summarized in Table 1
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by treatment name and the year they were conducted in.
Detailed information on the duration of fully irrigated
initial irrigation phases, i.e., the day a particular irrigation
strategy was implemented (day of implementation—DoI)
are given along with irrigation thresholds (where applica-
ble), irrigation amounts per irrigation event (App), the
irrigation intervals or minimum pauses between irrigation
(MP), and the soil’s IWC. The dry grain yields (Y) of the
maize are averages of the treatment’s main containers and
their replicates and were harvested upon completion of the
experiments. The extensive monitoring of the containers
allowed for reliable calculations of the water balance
components, i.e., irrigation (I), the change in the soil water
reserves (DS), and evapotranspiration (ET) as well as the
water savings based on the overall water consumption
(WSET) compared to the fully irrigated references from that
year. WPI was calculated by dividing Y through I; WPET
was calculated by additionally including DS. The differ-
ence of I and DS was equal to the total water consumption
and hence ET since no percolation occurred from the
containers.
An example for the extensive monitoring is shown in
Fig. 5 where soil moisture (a) and soil water potential
readings (b) from the four sensor depths of treatment DI4-
4h-30cm 2010 are plotted against applied water from irri-
gation. The figure also includes the different irrigation
phases starting with the fully irrigated initial phase, fol-
lowed by the sensor-based phase with the four different soil
water potential thresholds. It shows the different phases of
stress the plant was subjected to and how soil moisture and
soil water potential changed with depth from one irrigation
phase to another. During the fully irrigated initial phase,
the soil moisture content was high. Through plant growth
and subsequent root water uptake, the soil dried up con-
siderably. The first sensor-based irrigation phase (before
DS 0.75) provided the upper soil layer with enough water,
whereas in the lower soil layer the water content dimin-
ished further. The second irrigation phase (before DS 0.75–
DS 1.15), which can be regarded as full irrigation due to
the low irrigation threshold (in pF), replenished the upper
soil layers anew but water never reached the lowest roots at
60 cm. During the third irrigation phase (DS 1.15–
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DS 1.75), more stress was exerted on the plants. Three
distinct irrigation events took place that essentially affected
the whole root zone. The final irrigation phase (DS 1.75–
DS 2.0) was characterized by an even higher soil water
potential threshold with irrigation that did not have any
considerable impact on the overall water balance anymore.
Optimal irrigation schedule strategy
For the optimization, V0 was chosen with 275 mm in 2010
and 200 mm in 2012, respectively. The IWC measured
28 % in 2010 and 10.5 % in 2012, respectively. Upon
completion of the fully irrigated initial phase, computed
irrigation schedules (DI-schedule) (Fig. 6a) resulted in
irrigation amounts per irrigation event of 6–20 mm in 2010
and 22 mm in 2012, respectively. From the irrigation
experiments, a dry grain yield of 9.1 and 9:9 t ha1 was
harvested, with a total irrigation amount of 332 and
485 mm. The change in soil water reserve measured 136
and 22 mm, resulting in a total water consumption of 468
and 463 mm, respectively. Derived from those results, the
treatment in 2010 reached a WPI of 2:7 and 2:0 kg m
3 in
2012, respectively. Taking overall consumed water into
account, WPET changed to 1:9 kg m
3 in 2010 and
2:1 kg m3 in 2012, respectively.
Optimal sensor-based irrigation strategy
Single constant threshold
V0 for all sensor-based irrigation designs was set to
250 mm and Ymin to 9 t ha
1. For the deficit irrigation
treatment with constant irrigation threshold and minimum
irrigation pause of 4 h (DI1-4h-30cm), an optimal irriga-
tion threshold of pF 3.1 (1,259 hPa) and an irrigation
amount per event of 6 mm was determined (Fig. 6b). In the
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irrigation experiment a crop yield of 12:8 and 10:5 t ha1
was harvested in 2010 and 2011, respectively. 415 and
553 mm was applied for irrigation with a change in the soil
water reserve of 147 and 16 mm. The overall con-
sumed water measured 562 and 569 mm leading to a WPI
of 3:1 and 1:9 kg m3, and a WPET of 2:3 and 1:8 kg m3,
respectively.
Treatments, for which the minimum irrigation pause
was increased to 24 h (DI1-24h-30cm), resulted in a
threshold of pF 3.26 (1,820 hPa) and pF 2.99
(982 hPa) for the years 2011 (Fig. 6c) and 2012,
respectively. An amount of 36 and 30 mm was applied per
irrigation event. Yields reached 9:3 and 10:2 t ha1 with a
total of applied water of 445 and 503 mm. The change in
the soil water reserve was 39 and 54 mm resulting in a
total of 484 and 449 mm of consumed water. Calculated
WPI reached 2:1 and 2:0 kg m
3, and a WPET of 1:9 and
2:3 kg m3, respectively.
The change of the sensor depth to 20 cm for irrigation
control (DI1-24h-20cm) resulted in a threshold of pF 3.30
(1,995 hPa) and an irrigation amount per event of 39 mm
(Fig. 6d). The treatment produced 10:1 t ha1 in crop yield
and consumed 559 mm of water for irrigation. The soil
water reserve changed by only 13 mm leading to an overall
water consumption of 546 mm. WPI and WPET both
reached 1:8 kg m3.
Multiple constant thresholds
The treatment with multiple constant thresholds adapted to
the four development stages of the crop (DI4-4h-30cm)
resulted in the thresholds pF 3.15 (1,413 hPa), pF 2.18
(151 hPa), pF 3.10 (1,259 hPa), and pF 3.57
(3,715 hPa) with irrigation amounts per development
stage and event of 6, 3, 11, and 2 mm, respectively
(Fig. 6e). 11:3 t ha1 were harvested from this treatment
and 407 mm of total irrigation water was used. The soil
water reserve changed by 164 mm and led to a total of
571 mm of consumed water. This resulted in a WPI of
2:8 kg m3 and a WPET of 2:0 kg m3.
Fully irrigated reference
The fully irrigated reference treatments (FI-4h-30cm),
where a single constant threshold and a 4-h minimum
irrigation pause was used, resulted in a threshold of pF 2.10
(125 hPa) and an irrigation amount of 7 mm per irriga-
tion event (Fig. 6f). 12:9; 13:4, and 14:0 t ha1 were har-
vested in the years 2010, 2011 and 2012, respectively. The
total applied irrigation was 571, 630 and 621 mm. The soil
water reserve changed by 4, 5 and 14 mm resulting in a
total water consumption of 567, 635 and 635 mm,
respectively. WPI for these 3 years was 2:3; 2:1 and
2:3 kg m3. Considering the changes in the soil water
reserve, WPET measured 2:3; 2:1, and 2:2 kg m
3.
Discussion
Attained WPET for all investigated treatments from the
irrigation experiment ranged from 1:8 to 2:3 kg m3 and
were generally high. Values lay well within the range of
reported WPET from other studies for maize, which ranged
from 1:1 to 2:7 kg m3 (Zwart and Bastiaanssen 2004).
Irrigation schedule strategy vs. sensor-based irrigation
strategy
WPET for irrigation schedule treatments ranged from 1:9 to
2:1 kg m3 and lay within the range of sensor-based
treatments where a WPET between 1:8 and 2:3 kg m
3 was
achieved. Applying irrigation water for sensor-based
treatments was triggered automatically whenever the con-
trolling sensor detected the soil water potential to exceed
the threshold, whereas individual irrigation events from the
irrigation schedule had to be entered manually into the
irrigation controller and were then triggered automatically
without personal attendance.
The calculation of an optimal irrigation schedule would
have been computationally even more demanding than for
the sensor-based method since the number of decision
variables would differ for every year used in the optimi-
zation. The extent of the optimization problem was
therefore reduced by using an average year for the deter-
mination of optimal schedules. Nevertheless, the number
of decision variables remained high with 27 (13 from the
date of irrigation di and 13 from the irrigation amount per
event vi and 1 from n) in 2010 and 23 in 2012, respec-
tively. For sensor-based treatments, merely multiples of
two decision variables (i.e., threshold hk and irrigation
amount per event vk) were needed depending on the
number of irrigation phases, which was chosen as one and
four, thus having two and eight decision variables,
respectively.
Based on the experiences from the conducted experi-
ments, the irrigation schedule has the advantage of having
relatively low expenses when comparing implementation
costs for both strategies with each other. It is best suited for
places where little precipitation occurs during the growing
season, e.g., arid regions. A schedule would then have to be
determined only once, preferably before the growing sea-
son begins and can be employed indefinitely (if boundary
conditions do not change). There are no sensors for irri-
gation control or other equipment for evaluation needed.
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Potentials of irrigation schedules where CWPFs were used
as a planning tool in irrigation farming and in integrated
water resources management systems were discussed in
Schu¨tze et al. (2012a) and Grundmann et al. (2012),
respectively.
Optimal deficit irrigation vs. optimal full irrigation
A comparison of achieved WP between optimal DI treat-
ments and fully irrigated reference treatments showed no
significant differences, which implies that DI treatments
were not more successful than their FI counterpart. By
definition, a DI treatment is then successful when its WP is
considerably higher than that of a fully irrigated reference.
However, the outline of the irrigation experiment with
maize being grown in sealed containers prevented perco-
lation from the root zone. Surplus water, which might have
been applied could be stored at the bottom of the container
and later be used by the plants. Under real field conditions
that water would have percolated through the root zone and
would have been lost for plant consumption. That would
have increased the required irrigation amount for the fully
irrigated reference, thus further reducing WP for FI treat-
ments, as shown by Kloss et al. (2014) in which a detailed
analysis of water transport and impacts on WP for open and
closed containers was conducted. None of the DI treat-
ments showed water being accumulated at the bottom of
the container, whereas for the FI treatments, sensors at the
60 cm showed an accumulation of irrigation water. In any
case, overall water consumed by the crop was smaller for
DI compared to the fully irrigated reference with water
savings up to 30 %.
Optimal sensor-based deficit treatments
Minimum irrigation pause
Different minimum irrigation pauses between irrigation
events (DI1-4h-30cm and DI1-24h-30cm, Table 1)
seemed to have little effect on WPET with achieved val-
ues ranging from 1:8 to 2:3 kg m3. However, overall
water consumption of the treatments with 24 h of irriga-
tion pause reduced applied irrigation by around 100 mm.
Those treatments stood out by their fewer total irrigation
events, but higher irrigation amounts per application.
Such an irrigation practice generally reduces soil evapo-
ration and supports root development into deeper soil
layers, since the bigger part of water is transported there
and roots will follow (Asseng et al. 1998; Weaver 1926).
The chance of percolation and water transport out of the
root zone increases, however, if irrigation is controlled
poorly.
Depth of the controlling sensor
WPET of the treatment with its sensor placed at 20 cm for
irrigation control, (DI1-24h-20cm 2011), reached
1:8 kg m3, which was slightly lower than the treatment
with its sensor at 30 cm (DI1-24h-30cm 2011) with
1:9 kg m3. However, the closer proximity of the sensor to
the soil surface increased the total water consumption by
62 mm. A sensor at a lower depth might be beneficial for
initial development stages where roots are not fully
developed yet and confined to a limited depth, but with
passing time and progressing plant development, placing
the sensor deeper into the ground seems to be beneficial.
Panda et al. (2004) reported that maize plants get most of
their water from a depth between 0 and 45 cm. Taking
treatment DI1-4h-30cm 2010 into account, water-saving
effects seemed to be countered by lower irrigation
intervals.
Irrigation thresholds
The threshold for the fully irrigated reference was deter-
mined with 125 hPa. Previously conducted investigations
with a sensor-based irrigation control covered only a range
from 50 to 800 hPa with recommended thresholds of
300 hPa for maize and highest WPI (Rivera-Hernandez
et al. 2010).
Results from the plant growth-adapted deficit irrigation
treatment DI4-4h-30cm seem to be inconclusive as the
achieved WPET of 2:0 kg m
3 is in the range of WPET of
the single constant threshold treatments DI1-4h-30cm and
DI1-24h-30cm. It was assumed that thresholds adapted to
the development stage of the crop better account for stress
sensitive and insensitive stages thus resulting in higher WP.
Further research is required in that regard.
The use of pF-meters for monitoring and irrigation
control allowed the observation of much drier states of the
soil than commonly used tensiometers would have made
possible. Thresholds for DI phases in treatments (in single-
and multi-DI-threshold treatments) ranged from 1,259 to
3,700 hPa. No other studies, reporting similar thresholds
for sensor-based irrigation control, could be found.
Initial soil water content
The soil’s IWC at the beginning of the growing period
affected achieved WP tremendously. By considering WPI
and WPET, it was tried to account for these impacts. When
IWC was high, less water was needed for irrigation since
the plant could use the water already stored inside the soil,
thus leading to an overall high WPI. By considering the
change in the soil water reserve, a more realistic WP
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regarding the true water consumption, i.e., WPET, was
obtained. For instance, DI-schedule 2010 started with a
high IWC leading to a WPI of 2:7 kg m
3, whereas DI-
schedule 2012 began with low IWC and achieved a WPI of
2:0 kg m3. By taking changes of the soil moisture into
account, both treatments actually consumed the same
amount of water (around 465 mm), thus reaching a WPET
of 2:0 kg m3 in both cases. The same observation could
be made for DI1-4h-30cm 2010 and DI4-4h-30cm 2010
where for both a WPI greater than 2:8 kg m
3 was reached
but when looked at the change in the soil water reserve,
both treatments achieved a WPET of 2:3 and 2:0 kg m
3,
respectively. Beyond that, low IWC resulted in generally
higher irrigation sums for the initial full irrigation phase
since the soil water reserve was replenished until the irri-
gation threshold was reached.
The IWC seems to have an effect on the efficiency of DI
systems. In cases where IWC is high, plants profit from the
water stored in the soil thus less irrigation water is needed.
Farmers would profit from high IWC conditions where
only that extra amount of water not stored in the soil would
have to be provided. Regions such as in the Mediterranean
or in semi-arid climates are examples where there is little
water from precipitation during the growing season (for
instance in summer) (Peel et al. 2007). During the off-
season the soils would get replenished ‘‘for free’’ which the
farmer can then use in the next season. The variable
weather conditions would make a sensor-based irrigation
control more feasible. When IWC conditions are low,
farmers have to rely solely on irrigation water, thus the
difference between WPI and WPET is negligible. Regions
where there is little to none precipitation such as in arid
climates are examples for that (Peel et al. 2007). Those
regions would be eligible for schedule-based irrigation
strategies.
Summary and conclusion
A combined approach of SVAT-modeling, optimization
and experiments was applied for investigating and
improving different irrigation strategies with regard to their
WP. The approach consisted of the SVAT-model Daisy for
simulating soil water transport and crop growth, and opti-
mization methods: GET-OPTIS for determining optimal
irrigation schedules describing when and how much to
irrigate, and CMA-ES for finding optimal irrigation
thresholds and irrigation amounts for sensor-based full and
deficit irrigation systems. The investigation aimed for high
WP with high reliability. Results from the optimization for
different irrigation designs were tested in intensively
monitored container experiments with drip-irrigated maize
in a greenhouse. A new sensor that allowed measuring soil
water potentials from pF 0 to pF 7 was used for irrigation
control.
The verification of derived irrigation strategies by con-
ducting experiments was successful. Achieved WPET were
high, ranging from 1:8 to 2:3 kg m3, with equally suc-
cessful values of WPET for both irrigation strategies. On top
of that, some of the investigated treatments resulted in
considerable water savings despite achieving similar WPET.
Using pF-meters for monitoring soil water potentials and
for controlling irrigation was successful and proved to be
promising for future applications (Kloss et al. 2014). Using
irrigation thresholds beyond the range of commonly used
tensiometers is not only feasible, but also worth further
exploring. First conclusions could be drawn on factors
governing the behavior of the irrigation system for both
irrigation strategies on overall water consumption and WP.
However, due to the limitations of the conducted
experiment with its restricted number of treatments and
plants per container, future work should concentrate on
deriving statistically sound conclusions and generalizing
findings. In addition, experiments under real field condi-
tions have to be considered, which is already under study in
cooperation with the Agricultural Research Center, Oman.
As a precondition, reliable and robust estimates of crop
growth parameters and soil hydraulic properties (Werisch
et al. 2014) are needed. Additional efforts for evaluating
model suitability and transferability across different cli-
matic and geographic regions are required. Approaches of
two-dimensional soil water transport and soil variability
may be included. Nevertheless, the combination of SVAT-
modeling and optimization has the potential to systemati-
cally investigate and improve irrigation systems, while
reducing otherwise necessary experiments.
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Evaluation of Very High Soil-Water Tension Threshold
Values in Sensor-Based Deficit Irrigation Systems
Sebastian Kloss1; Niels Schütze2; and Urs Schmidhalter3
Abstract: The variable and limited availability of water for irrigation in agriculture is a general challenge for farmers to cope with.
Sophisticated irrigation strategies are needed that allow an efficient management of the available water resources, i.e., ensuring high water
productivity (WP). Controlled deficit irrigation (DI) can be such a strategy in which soil-water status specific thresholds (in either soil-water
tension or moisture) are used to trigger irrigation. For DI systems to be effective, irrigation control is of utmost importance, yet thresholds are
likely to be chosen by trial and error. Hence, systematic investigations for deriving reliable thresholds are needed that account for different DI
strategies. In this study a methodology is presented for evaluating the performance of sensor-based DI systems for very high soil-water
tension threshold values. The study consists of three parts: a DI experiment with maize was carried out where a new sensor was employed
that allowed measurement of high soil-water tensions and that was used to control irrigation. From that experiment, a crop growth model was
calibrated, and finally the model was used in a simulation study to systematically investigate parameters for implementing effective setups of
DI systems with high soil-water tension thresholds. Possibilities and limitation of this methodology are shown and discussed when applied for
investigating and evaluating the potentials of sensor-based DI systems. DOI: 10.1061/(ASCE)IR.1943-4774.0000722. © 2014 American
Society of Civil Engineers.
Author keywords: Sensor-based deficit irrigation; Soil-water tension threshold; Irrigation experiment; Daisy; Water productivity.
Introduction
Deficit irrigation (DI) is a valuable method when dealing with a
limited and seasonally variable water supply. Water availability
and its efficient employment for growing crops is a general problem
in agriculture and not solely confined to arid and semiarid regions.
The rising demand for freshwater in irrigated agriculture, accom-
panied by competing interests such as the urban and industrial
water sector, intensifies this problem and necessitates the efficient
employment of the available water resources. Hence, DI has
regained the focus of interest within the scientific community in
recent years (English 1990).
The aim in DI should be to target at high water productivity
(WP) while ensuring reasonable crop yields at the same time
(English 1990). For DI to be effective, precise scheduling is needed
(Schütze et al. 2012). Besides producing crops with high yield and
quality, and to protect the water quality (Shock and Wang 2011),
scheduling for DI targets at the susceptibility of plants to water
stress. In growing phases, in which sensitivity to water stress is high
(e.g., during flowering), an adequate supply with water is needed
and stress needs to be avoided. Other phases allow for greater water
stress to be exerted without major consequences to crop yield.
To achieve that objective, a precision is needed that can only be
provided by drip-irrigation systems (Jones 2004).
DI scheduling can generally be realized in three ways: by
plant-based methods, by soil-water balance calculations, or by
soil-water-based methods.
According to Jones (2004), water stress is first present in the
plant rather than the surrounding soil, therefore using plant-based
methods for the observation of drought is on the spot with measure-
ments that can be very sensitive. Methods range from direct plant
water status approaches such as visible wilting (where it might
already be too late for irrigation because yield reductions happen
before that), leaf water potential, and xylem or stem water potential,
to more indirect approaches such as stem and fruit diameter or leaf
thickness. Physiological responses such as the stomatal conduct-
ance or thermal sensing are also possible. However, the realization
and implementation of such methods for irrigation control is diffi-
cult and water amounts for irrigation have to be estimated.
Soil-water balance calculations represent a second way for DI
scheduling. The crop water demand is estimated from evapotran-
spiration calculations and consumed water replaced while taking
additional water from precipitation and losses from runoff and
percolation into account. This method is robust for a wide range
of conditions but not very accurate with errors that add up over
time (Jones 2004). Studies for maize that regard a single factor
to reduce the crop water supply were conducted by Farsiani et al.
(2011), Rimski-Korsakov et al. (2009), and Payero et al. (2006),
among others. Examples that use more indicators are numerous
and diverse, depending on what crop is investigated. Panda et al.
(2004), for instance, investigated different levels of maximum
allowable soil-water depletion for maize and set the range between
10 and 75%. For sandy loam under subtropical conditions, it was
recommended to use the upper 45 cm for irrigation scheduling and
to avoid a depletion of more than 45%. Such investigations are im-
portant contributions for improving DI systems, but the approach of
trial and error in general seems to be too generic and unspecific to
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derive effective setups of DI systems in such a way that the outcome
is reliable.
The third method is based on the soil-water status, either in soil
moisture content or soil-water tension. Sensors are widely avail-
able, also in automated full irrigation systems. This method is easy
to apply and allows determination of the amount of water needed
for irrigation. Difficulties arise from where exactly to probe for the
water status and, where high soil heterogeneity is present, extensive
measurement programs might be needed (Jones 2004). Sensors for
soil moisture measurements comprise largely time and frequency
domain reflectrometry, capacitance sensors, neutron probes, or
simply gravimetric measurements. Evett et al. (2012) reviewed
sensor methods for soil-water sensing and recommended using
neutron probes, direct soil sampling, or analyzing conventional
time-domain reflectrometry (TDR) waveforms because errors by
all the other methods are too great. They suggest fostering the
development of waveguide approaches in TDR.
For soil-water tension, tensiometers, granular matrix sensors,
gypsum blocks, dielectric coupled media, or heat-dissipation
sensors are used (Shock and Wang 2011). Tensiometers respond
quickly to changes in soil-water tension but have a limited meas-
urement range for operations (<85 kPa) and need regular mainte-
nance. Granular matrix sensors have a greater measurement range
(<200 kPa) but respond less quickly to changes in soil-water
tension. Gypsum blocks dissolve over time and react slowly to
changes in soil-water tension, which makes them less qualified for
irrigation scheduling. A disadvantage of dielectric coupled media is
the low accuracy across their measurement range (<500 kPa).
However, an important reason for using soil-water tension for
irrigation scheduling is the working principle behind plant transpi-
ration. Differences in pressure gradients between soil and atmos-
phere cause the plant to transpire, so it serves as transmitter
between the other two. Gradients are transmitted from leaves to
stem to roots and further to the surrounding soil and can directly
be related to plant tissue stress. Additionally, using soil-water
tension rather than soil moisture for irrigation scheduling has the
advantage that tension values are equal for soils, whereas water
contents would differ. Furthermore, hysteresis effects do not have
to be considered (Shock and Wang 2011).
Wang et al. (2007a, b) tested different soil-water tension values
for irrigation scheduling of drip-irrigated tomato (with treatments
ranging from 10 to 50 kPa) and potato (from 15 to 55 kPa) with the
tensiometer controlling the irrigation placed in a depth of 20 cm
below an emitter. It was suggested to use a threshold of 50 kPa
for tomato and 25 kPa for potato based on highest achieved
water-use efficiency (defined as yield over evapotranspiration)
and another factor, where the difference between achieved yields
and applied irrigation amounts of adjacent soil-water tension levels
was calculated. Shock et al. (2000) used levels from 10 to 70 kPa
for drip-irrigated onions and suggested maintaining a tension level
between 10 and 20 kPa. Steele et al. (1994) found the highest yield
for maize for a tension threshold of 50 kPa. In another study on
maize, Rivera-Hernández et al. (2010) examined different tension
thresholds in the range from 5 to 80 kPa together with different
levels of phosphate fertilization and found 30 kPa to be the most
effective tension threshold. The sensor was placed in a depth of
30 cm. Up to now, it seems that higher thresholds have not been
investigated; 70–80 kPa appears to be the maximal soil-water ten-
sion threshold, probably because of the limitations of tensiometers.
In a recent study, Dabach et al. (2013) applied Hydrus2D/3D for
simulating soil-water transport to investigate and optimize sensor-
based irrigation systems, but plant development over a whole grow-
ing season is not regarded as of yet.
In summary, existing studies seem to lack systematical investi-
gations on how to run sensor-based DI systems and in what range to
operate them in a way that achieved WP is high. In this study, these
questions are addressed by a combined methodological approach of
experiment, modeling, and simulation. The focus is thereby set on a
new soil sensor for measuring soil tension and controlling irrigation
that covers a measurement range from 0.1 to 1 × 106 kPa (pF 0 to
pF 7), which is vital for the feasibility of this approach. A thereupon
conducted simulation study for a container and open field scenario
shows the possibilities and limitations of this approach when
applied in a systematical investigation of parameters for imple-
menting effective setups of DI systems with high soil-water tension
threshold values.
Material and Methods
The outline of this investigation consists of three parts. In the first
part, an irrigation experiment is carried out in a greenhouse, where
drip irrigated maize (Zea mays L., variety Pioneer PR36K67) is
grown in containers and a deficit irrigation strategy applied. Results
from that experiment are used to set up and calibrate a crop growth
model that simulates plant growth and water consumption. Finally,
the model is applied to investigate the effects on WP by varying
soil-water tension thresholds, irrigation amounts per application,
and minimal irrigation intervals.
Irrigation Experiment
Experimental Layout
The irrigation experiment was carried out in 2010 in a greenhouse
at the experimental station in Dürnast, Technische Universität Dres-
den, Germany (48°24.25′ N, 11°41.54′ E, elevation 473 m). The
roof of the greenhouse could be opened on clear days and was
closed on rainy days to prevent unplanned irrigation water from
precipitation. The maize was planted in three containers (Fig. 1):
one main container and two replicates (R1 and R2), 0.73 × 0.55 ×
0.95 m in size (height × width × depth). Each container housed
five maize plants. The three containers were arranged in such a
way that they resembled maize grown under field conditions with
a plant row spacing of 75 cm and a plant density of 10 plants per
square meter. The soil was classified as loamy sand (according to
USDA) with 77% sand and 23% silt and filled in the container up to
a height of 70 cm. The maize was drip irrigated, with the drip line
placed next to the plants. Each plant was supplied by one dripper
that had an irrigation rate of 1 Lh−1. The irrigation controller
NMC-PRO (Netafim Ltd., Israel) was used for automatic irrigation
scheduling.
Measurement Setup
Soil moisture and soil-water tension readings were taken with a
resolution of 15 min by pairs of TDR probes (CS630, Campbell
Scientific, Inc.) with the data logger CR10X (Campbell Scientific,
Inc.) and pF meters (ecoTech Umwelt-Messsysteme GmbH,
Germany) with the data loggers DT505 and DT80 (Thermo Fisher
Scientific Inc., Australia) at four different depths (20, 30, 40, and
60 cm, with the sensors at 30 and 60 cm being aligned in a vertical
line below the irrigation emitter, and the other two sensors being
horizontally displaced by 15 and 10 cm, respectively, as shown in
Fig. 1) for the main container and at one depth (30 cm) for the two
replicates R1 and R2. The sensors controlling the irrigation were
the ones at 30-cm depth. Weather data (solar radiation, temperature,
humidity, wind speed, and direction) were collected by a small
weather station adjacent to the experiment inside the greenhouse.
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pF-Meter: New Soil-Water Tension Sensor
pF meters are heat dissipation sensors whose measurement princi-
ple is based on the heat capacity of the water in the ceramic tip
of the sensor. During the measurement cycle, a heat impulse is
generated and the change in temperature within the sensor tip
evaluated. The corresponding soil-water tension is derived from a
calibration relationship between both variables. The pF meter is
able to measure soil-water tension in ranges between pF 0 and
pF 7. This sensor was applied in Zhang et al. (2009), where the
formation and dissociation processes of methane hydration in sand
was investigated because these processes are tied in with changes in
water contents.
Experiment Conduction
For irrigation control, the average soil-water tension of all three pF
meters in 30-cm depth (main container and replicates) was used.
The maize was sown in the middle of May and irrigated with
7.2 mm in the beginning whenever the average soil-water tension
passed pF 2.11 (12.5 kPa), so that plant roots could develop appro-
priately without any water stress. A minimal irrigation interval of
4 h was set between irrigation events, meaning that at least 4 h had
to pass before a new irrigation could be triggered. This was done in
order to give the irrigation water time for redistribution inside the
soil. This could be considered to be a fully irrigated treatment plan.
After 56 days, a visual inspection of the soil moisture and soil-
water tension readings showed strong evidence for root water up-
take in the 30-cm depth, and sensor-based irrigation control could
be employed. The fully irrigated treatment plan was abandoned and
the sensor-based deficit irrigation plan started. The tension thresh-
old value was set to pF 3.10 (125.9 kPa) and an irrigation amount of
6 mm applied every time an irrigation was triggered. The minimal
irrigation interval was kept at 4 h.
Applied tension thresholds and irrigation amounts were esti-
mates and derived from preliminary simulations with a previously
calibrated and validated Daisy model (see “Model Setup and
Calibration”) in which field experiments were conducted at the ex-
perimental site Lavalette in Montpellier, France, in 2007 and 2009
(Mailhol et al. 2011). The same maize variety was grown there in
2009 on a loamy sand, with observed versus simulated yields of
16 versus 17 tha−1 for a fully irrigated treatment, with 96 mm
of precipitation from in total 478 mm irrigation water, and 11.8
versus 12.1 tha−1 for a deficit irrigation treatment, with 339 mm
of total irrigation water, of which 96 mm came from precipitation
(Seidel 2012).
The maize was harvested after 137 days by the end of September
and dry yields determined. During the season, plant heights and
development stages of the plants were taken. Before sowing and
after harvest, an infiltration experiment was conducted to derive
soil hydraulic parameters.
Model Setup and Calibration
Experimental results were taken and used to recalibrate the crop
growth model Daisy (Abrahamsen and Hansen 2000), which had
already been used for the experimental site Lavalette with the same
maize variety.
Daisy is a physically based one-dimensional soil vegetation
atmosphere transfer model that comprises modules for bioclimate,
vegetation, and soil. The modules can account for crop growth and
the balances of water, heat, and solutes. The water-balance module
includes balance models for soil and surface water, thus regarding
water transport in macropores and soil matrix, interception, infil-
tration, evaporation, and surface runoff. Soil-water movement is
calculated from Richards equation.
Daisy calculates plant growth by simulating photosynthesis, res-
piration, and root water uptake, where for the latter a single root
concept is used. The development of the crop is divided into the
three development stages (DSs) of emergence (DS0), flowering
(DS1), and maturation (DS2). The length of each stage is deter-
mined by the thermal time. Daisy in general is driven by hourly
or daily values of at least global radiation, temperature, and precipi-
tation. The model was tested and verified for its applicability under
water-shortage conditions (Kloss et al. 2012) along with other crop
growth models that employ maize, such as APSIM (Keating et al.
2003) and PILOTE (Mailhol et al. 1997), and found to be a prom-
ising candidate for describing DI systems.
The model recalibration focused mainly on the soil-water bal-
ance by finding optimal solutions for the soil hydraulic properties
and root growth of the plant. Crop parameters for maize were taken
from a simulation study of the previously mentioned experimental
site Lavalette (Seidel 2012). For describing the soil-water transport,
the Mualem–van Genuchten (MvG) model (van Genuchten 1980)
was used; for the root, optimal values for root density in the depths
of 0, 20, 40, and 70 cm for DS0, 1, and 2 were sought. Crop param-
eters that were sensitive to the optimization objective [Eqs. (1)–(3)]
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Fig. 1. Layout of the experimental setup with sensor depths consisting of pairs of TDR probe and pF meter as well as equipment for data logging and
irrigation control
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were the crop’s maximum assimilation rate (Fm) and the develop-
ment stage at which the crop area index reached 0.5 (DSLAI05).
Observation data used in the calibration comprised yield, change in
soil water storage during the experiment, irrigation events, and soil-
water status readings from the 30- and 60-cm depth of the main
container because these lay on a straight line together with the drip
emitter and the plant.
For finding optimal parameter combinations, a multi-algorithm,
genetically adaptive multiobjective (AMALGAM) method (Vrugt
and Robinson 2007) was used. AMALGAM combines techniques
for particle swarm, genetic algorithms, adaptive metropolis search,
and differential evolution algorithms to find optimal solutions.
The optimization problem was described by the three objective
functions (expressed as root-mean-square errors) that regarded
soil-water tension (F1), soil moisture (F2), and a combination of
yield and change in soil water storage (F3), where
minðF1Þ ¼ min
( ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
t¼1
½hðiÞsim;t − hðiÞobs;t2
s )
; i ¼ 1; 2 ð1Þ
minðF2Þ ¼ min
( ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
t¼1
½θðiÞsim;t − θðiÞobs;t2
s )
; i ¼ 1; 2 ð2Þ
minðF3Þ ¼ min
" ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
t¼1
ðYsim;t − Yobs;tÞ2
s
þ w ·
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
t¼1
ðΔSsim;t −ΔSobs;tÞ2
s #
ð3Þ
with n = number of time steps; h = soil-water tension; θ = soil mois-
ture; Y = yield (t ha−1); and ΔS = change in the soil-water storage
(mm) for simulated (sim) and observed (obs) values in time step t
and observation point i. The weighting factor w was set to 0.25 in
order to make differences in yields and soil-water storage more
compatible. Soil-water tension values were converted to logarith-
mic scale so that objective functions were less sensitive to high
magnitudes of soil-water tension.
Evaluation of Soil-Water Tension Threshold Values
with Respect to Water Productivity
The effectiveness of DI is closely related to its WP or water-use
efficiency (WUE). Depending on the field of expertise, WP or
WUE can generally be expressed as a gain over its expenses.
For crop physiologists, this can be assimilated carbon, crop yield,
or the amount of produce per unit of transpiration or evapotranspi-
ration (ET) (Molden et al. 2010). Because evaporation from soil is
hard to distinguish from transpiration of plants, WP in the irrigation
sector refers mostly to achieved crop yield over transpiration or ET
(WPET). In regions with considerable amounts of precipitation, WP
can be defined as crop yield over irrigation and precipitation water.
For arid regions, only irrigation water is taken into account (WPI).
It is also possible to view crop yields as marketable value over ET
(Vazifedoust et al. 2008).
The calibrated model was used in a simulation study to inves-
tigate the performance of sensor-based DI systems. It was focused
on evaluating the impacts of soil-water tension threshold, irrigation
amount per application, and minimal irrigation interval onWP. Two
scenarios were considered. First, a closed container (CC) scenario
was considered because it was being used in the experiment with
the evapotranspiration as the determining factor for WP, where
WPET ¼
Y
I þΔS ¼
Y
ET
ð4Þ
with Y = yield (t ha−1); I = total irrigation (mm); ET = evapotran-
spiration (mm); and ΔS = change in soil-water storage (mm).
Because the container is a closed system, evapotranspiration is
equal to the sum of irrigation and soil-water storage change.
The other scenario was an open container (OC) with a more real-
istic free-drainage lower boundary condition, which better resem-
bles conditions in the field. Here, percolation had an impact on WP,
hence the overall productivity of the system was determined by the
sum of evapotranspiration and percolation, where
WPETþPer ¼
Y
ETþ Per ð5Þ
additionally with Per being the percolation (mm). The relation
between the different WPs for sensor-based systems in general
is that
WPI ≥ WPET ≥WPETþPer ð6Þ
Soil-water tension threshold values were varied between pF 2
and pF 4, irrigation amounts per application ranged from 1 to
30 mm, and minimal irrigation intervals of 4, 24, and 48 h were
investigated.
Results
Irrigation Experiment
An overview of observed soil-water tension and soil-water content
is provided in Fig. 2 where the four sensor depths of the main con-
tainer are plotted together with irrigation events as well as the three
sensors used for irrigation control from all containers. A total of
415 mm was applied during the growing season. The harvested
dry yield measured 12.75 t ha−1, which resulted in a WPI of
3.07 kgm−3. When taking changes in the soil-water storage into
account, an additional 147 mm of water were consumed by the
plants. The overall amount of water consumed is then equal to
the evapotranspiration of the plants throughout the entire growing
season. This resulted in a total irrigation amount of 562 mm and a
WPET of 2.27 kgm−3.
Moisture distribution within the main container at the beginning
ranged from 27 to 33% and remained fairly constant during emer-
gence and the initial phase of the plant. After switching to the defi-
cit irrigation plan, moisture levels dropped to approximately 15%
before irrigation was triggered. Irrigation water then replenished
the upper soil until 30 cm but did not reach the sensor depths below.
Soil was wettest at the top soil and driest at the bottom soil during
that phase of the irrigation plan.
Comparing the soil moisture readings from the same depth of all
three containers [Fig. 2(e)] showed that the main container and R2
started with similar initial water contents of approximately 27%.
R1 started with 34%. The offset between the two container groups
did not change until switched to deficit irrigation. A difference of
approximately 5 mm between the driest and wettest container
remained, however.
For the soil-water tension readings [Fig. 2(b)], the experiment
started with matric potentials between pF 1.6 and pF 1.9, which
remained in that range for the fully irrigated phase. When switched
to deficit irrigation, soil-water tensions rose to almost pF 4 for the
lowest sensor. Soil-water tensions in the depth of the irrigation-
controlling sensors [Fig. 2(c)] followed a similar course in the be-
ginning, but the sensor in the main container started to diverge on
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day 100 after sowing, whereas the other two remained in closer
proximity to each other. Sensor behaviors inside the main container
were consistent, however, when compared with each other. It can-
not be ruled out that a root plant was growing in close proximity to
the sensor and withdrew water directly from the surrounding area of
the sensors, therefore causing the observed effects.
Model Calibration
The calibration was run and the Pareto front obtained with in total
703 optimal solutions or parameter sets (Fig. 3). From those param-
eter sets a group was selected for which F2 < 0.04 and F3 < 1. That
group, which are the so-called behavioral solutions, was considered
to contain all viable combinations for the optimization problem and
consisted of 94 sets. The parameter set that was closest to the aver-
age of each parameter from all those behavioral solution sets was
used as effective parameter set and the model was recalculated. The
selected effective parameter set showed good agreement with ob-
served soil moisture and soil-water tension values (Fig. 4) with re-
sults for the objective functions F1, F2, and F3 of 0.711, 0.038, and
0.347, respectively. Simulated yield was 12.59 t ha−1 with an irri-
gation amount of 415 mm (irrigation was preset in the calibration)
and a change in soil-water storageΔS of 141 mm resulting in a total
of 556 mm of consumed water (Table 1).
The soil hydraulic parameters were found to be θr ¼ 0.08,
θs ¼ 0.42, α ¼ 0.027 cm−1, n ¼ 1.56, and Ks ¼ 350.5 cm day−1
(Table 2), where θr and θs are the residual and saturated water
content, α and n form parameters, and Ks the saturated hydraulic
conductivity (Fig. 5). The root density distribution that resulted
from the effective parameter set was greatest in the 0–20 cm layer
during emergence of the plant (DS0) with a density ratio of nearly
100%, which means the majority of roots were situated in that layer
compared to layers 20–40 cm and 40–70 cm depth (Fig. 6). That
ratio then decreased over time until DS1, where most of the roots
were in the 40–70 cm layer with almost 73%. The top layer then
housed merely 20% of the roots and the layer in between an addi-
tional 7%. Towards the end of the growing season the ratio did not
change much anymore where the amount of roots in the top layer
increased to 28%, decreased to 65% in the 40–70 cm depth, and
remained at 7% in the 20–40 cm depth. Despite most roots being
located in the 40–70 cm layer most of the time, cumulative root
water uptake from that layer was lowest at 40 mm, followed by
the layer above (20–40 cm depth) with 71 mm. The majority of
water was withdrawn from the root zone between 0- and 20-cm
depth, with 332 mm in total.
Solutions for parameters accounting for crop production
were Fm ¼ 7.46 (the crop’s maximum assimilation rate) and
DSLAI05 ¼ 0.28 (the crop’s development stage when its area
index reaches 0.5).
Evaluation of Soil-Water Tension Threshold Values
with Respect to WP
For the performance evaluation of the DI system, the calibrated
model was used and each combination of soil-water tension
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Fig. 2. Overview of observation data from the deficit irrigation experiment with (a) applied irrigation, (b) soil-water tension readings from the main
container, (c) soil-water tension readings from the irrigation controlling sensor depth of all containers, (d) soil moisture contents from the main
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treatment plan and shaded areas the deficit irrigation treatment plan
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threshold and irrigation amount per application for the respective
minimal irrigation interval calculated. Obtained yields and WP for
the two investigated scenarios (CC and OC) were compared with
each other and evaluated.
Calculated yields for the CC scenario and a minimal irrigation
interval of 4 h ranged from 5.4 to 13.42 t ha−1 with respective
WPET from 1.51 to 2.33 kgm−3 (Fig. 7). The highest WPET lay
between thresholds pF 3.0 and pF 3.7 and irrigation amounts
greater than 3 mm. The irrigation interval allowed for water to
be applied more than once per day. Thresholds below pF 3.0 still
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Fig. 3. Pareto front with optimal solutions and selected group of behavioral solutions with viable parameter combinations of the optimization problem
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Table 1. Summary of Water Balance Components from the Observation of
the Irrigation Experiment and the Calibrated Model
Dataset
Y
(t ha−1)
m
(mm)
ΔS
(mm)
ET
(mm)
WPI
(kgm−3)
WPET
(kgm−3)
Observation 12.75 415 −147 562 3.07 2.27
Calibration 12.49 415 −141 556 3.01 2.25
Note: ET = evapotranspiration, which is equal to I −ΔS in the container;
I = total applied irrigation amount; WPI and WPET = respective water
productivity; Y = yield; and ΔS = change in the soil-water storage.
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resulted in overall high WPET. The plants could drain from the high
soil-water storage and were able to develop maximal yield up to a
threshold of pF 3.6. Beyond that value thresholds became too high
and WPET declined.
When the minimal irrigation interval was set to 24 h, high WPET
could be achieved up to a threshold of pF 3.6 and were in similar
range to the scenario with a minimal irrigation interval of 4 h. High
yields could be achieved until a threshold of pF 3.5 but required an
irrigation amount of at least 5 mm. Below that and water amounts
were too little to allow for the plant to develop to its full potential.
The same applied for thresholds above pF 3.5. A similar yield and
WPET development was observed for the 48-h scenario in which the
minimal irrigation amount increased to 8 mm in order to achieve
full yield and highest WPET.
In the OC scenario, irrigation water could percolate through the
root zone and was not available for plant consumption anymore.
Achieved WPs were therefore generally smaller compared with
the CC scenario. At a minimal irrigation interval of 4 h, the area
with highest WPETþPer in the response surface could be seen for
1-mm irrigation amount per application and a threshold range from
pF 2.5 to pF 3.7 (Fig. 8). With increasing irrigation amounts the
lower threshold boundary increased as well, with a value of pF
3.1 when irrigating with 30 mm. The maximumWPETþPer achieved
was 2.12 kgm−3. Smaller thresholds led to higher percolation rates
and hence smaller WPETþPer of as little as 0.55 kgm−3. Thresholds
above pF 3.7 resulted in less crop production and reduced
WPETþPer as well. Maximal crop production could be sustained
until a threshold of pF 3.6, however.
When the minimal irrigation interval was set to 24 h, the maxi-
mum threshold to achieve highest WPETþPer was reduced to pF 3.6.
Below a threshold of pF 2.5 a thin stripe of high WPETþPer appeared
in the response surface between irrigation amounts of 3 and 6 mm.
Their respective yields were not maximal but water was applied in a
way that reduced percolation due to the imposed minimal irrigation
interval, thus resulting in high WPETþPer. With an irrigation interval
of 48 h, the area of high WPETþPer further shifted to irrigation
amounts between 6 and 12 mm.
Discussion
Irrigation Experiment
The sensor-based irrigation control of the maize by pF meters for
the full and deficit irrigation phases was successful because the sen-
sor worked reliably, and when only regarding applied irrigation
water achieved WP was high with a WPI of 3.07 kgm−3. When
taking the change of the soil-water reserve into account, WPET
reached 2.27 kgm−3. This is well in the range of reported
WPET for maize from literature with 1.1–2.7 kgm−3 (Zwart and
Bastiaanssen 2004) where various irrigation experiments were
evaluated.
The sensor depth of 30 cm proved to be applicable for irrigation
control. Other depths might have been feasible too but were not in
the scope of this study. Even though the soil was homogenized be-
fore it was filled into the containers, similar initial soil-water status
condition was expected, but soil-water contents differed greatly be-
tween the containers. For irrigation control, the average soil-water
tension value from the three controlling sensors was taken to trigger
irrigation in the hopes of compensating for those differences and
diminishing them. This proved to be somewhat questionable,
particularly in the light of the subsequent modeling efforts where
many observation points within one container (main) were needed
for proper parameterization. Irrigation could then be triggered even
if the soil-water tension in that particular container had either not
reached the threshold yet or already passed it. This essentially led to
not having a constant soil-water tension threshold in either one of
the containers (which made it inconsistent for later modeling).
When irrigation was triggered, TDR probes detected an increase
in soil moisture first, whereas pF meters always showed a lag of
sometimes several hours in detecting changes in soil-water tension.
The reason for that behavior might lie in the measurement principle
of the sensor, where sudden changes in gradients in the surrounding
soil (such as a passing wetting front) are supposed to cause the
Table 2.Overview of Parameters Used in the Calibration of the Simulation
Model, Including Initial Values, Ranges, and Final Values after Finishing
Optimization
Parameter
Depth
(cm)
Initial
value
Range Final
valueFrom To
Root density (cm cm−3)
DS0 0 0.1 0.1 1 0.51
20 0 — — 0
40 0 — — 0
70 0 — — 0
DS1 0 0.1 0.1 1 0.40
20 0.1 — — 0.1
40 0.1 — — 0.1
70 0.1 0.1 1 0.97
DS2 0 0.1 0.1 1 0.70
20 0.1 — — 0.1
40 0.1 — — 0.1
70 0.1 0.1 1 0.95
MvG
θr (m3) — 0.08 0.08 0.14 0.08
θs (m−3) — 0.41 0.39 0.43 0.42
α (cm−1) — 0.016 0.004 0.04 0.027
n — 1.69 1 5 1.56
Ks (cm day−1) — 112 1 400 350.5
Crop production
Fm
(gCO2 m−2 h−1)
— 6 1.8 7.5 7.46
DSLAI05 — 0.3 0.1 0.4 0.28
Note: The parameters account for root density in different stages of plant
development, soil-water transport (MvG), crop production Fm (crop’s
maximum assimilation rate), and DSLAI05 (crop’s development stage
during the initial phase).
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Fig. 5. Soil-water retention curves of the MvG model from the selected
group of viable parameter sets (behavioral solutions) and the effective
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water in the ceramic tip of the sensor to move. That movement,
however, does not happen instantaneously. Particularly in formerly
dry soils, the delay in detecting the wetting front could be fairly
great, suggesting that the hydraulic connection between sensor
and soil is lost, accompanied by very low saturated hydraulic con-
ductivities which in turn cause the delay when resaturating the
ceramic tip. This assumption is supported by Caldwell et al.
(2013) who made similar observations when parameterizing dis-
turbed soils in arid lands by multiobjective parameter optimization
from irrigation experiments with heat dissipation sensors.
However, the lag of the pF meters and the subsequent delay
when triggering irrigation was not critical. The sensor was capable
of detecting high soil-water tensions and triggered irrigation reli-
ably, and can therefore be regarded as suitable for a sensor-based
irrigation control of DI systems.
Model Calibration
The obtained parameter sets represented compromise solutions for
the underlying optimization problem. They were selected with re-
spect to best fit of the water balance, but essentially resulted in less
good agreements between soil-water tension fits. Considering the
lack of responsiveness of pF meters to sudden changes in soil mois-
ture, this was a necessary trade-off to find reliable solutions.
Among the soil hydraulic parameters of the MvG model, the
saturated hydraulic conductivity is difficult to determine from
experiments because no saturated conditions were achieved in
the experiment. The identified value of the selected solution was
fairly high but consistent within the solution sets of all possible
conductivities.
The use of a validation period to check for model accuracy was
not performed because data from only one growing season were
available and the model was calibrated for validation only. When
observed time series are short, best results in automatic calibration
are obtained when all available observation data are used (van
Waveren 1999). Additionally, employing a multiobjective method
in the optimization process allows finding realistic and robust
parameter values (Efstratiadis and Koutsoyiannis 2010). A valida-
tion period, however, is generally required for greater robustness of
the model and should be addressed in future research.
The identified root parameterization suggested most roots could
be found in the layer between 40 and 70 cm. This implies that at
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first, roots grew toward the bottom of the container where enough
soil moisture was stored. They accumulated at the bottom where
they used all the available water. Irrigation water from the top
did not reach that layer anymore, rendering the roots in that layer
without use. And even though less root mass could be found in the
layer between 0 and 20 mm, most of the water was withdrawn from
that layer. Such compensatory effects, where the crop water de-
mand from parts of the root that experiences water stress is fully
compensated for by parts without stress, have been described by
Simunek and Hopmans (2009) and Jarvis (2011).
With regard to crop production, the global radiation measured
inside the greenhouse had to be increased by 75% in the model to
come close to the observed yield. Because the maize was grown in a
greenhouse with a total of 15 plants in three containers, plants were
more exposed to radiation than from what can usually be expected
in the field. That includes additional radiation from indirect sources
such as greenhouse walls and the ground. Moreover, plant rows on
the border receive more radiation than rows in the middle, resulting
in greater variance of yields for the single containers. Those higher
radiation inputs together with the fact that crop growth models gen-
erally presume fieldlike conditions made adjustments necessary
with regard to radiation, where the model was calibrated to account
for observed mean yields. This radiation problem for greenhouses
is supported by an investigation from Lazarovitch et al. (2006),
who investigated the heterogeneity of lysimeters in evaporation
and plant growth experiments in which they used free-standing
and rotating lysimeters in a greenhouse. They could show that
the variation coefficient for the relative yield of lettuce that was
part of the rotating system was significantly smaller than for the
free-standing system.
The model calibration was successful, however, with respect
to observation and produced an acceptable representation of the
conducted experiment, which allowed proceeding to investigate
parameters for implementing effective setups of DI systems.
Evaluation of Soil-Water Tension Threshold Values
with Respect to WP
The simulation study revealed ranges of soil-water tension thresh-
olds and irrigation amounts per application at which to operate sen-
sor-based DI systems best under the given climatic conditions. For
the CC scenario and a 4-h minimal irrigation interval, the highest
WP can be expected for irrigation amounts greater than or equal to
3 mm and between tension thresholds of pF 3.0 and pF 3.7, whereas
for 24-h irrigation interval, the constraints are a tension threshold
smaller than pF 3.6 and an irrigation amount greater than or equal
to 5 mm. When irrigation is paused for 48 h, that minimum irri-
gation amount increases to 8 mm.
For the OC scenario and 4-h irrigation interval, the thresholds lie
between pF 2.5 and pF 3.7 when irrigating with 1 mm per appli-
cation and change to pF 3.1 and pF 3.7 when irrigating with 30 mm.
With increasing irrigation interval, this area shifts to thresholds be-
tween pF 2.5 and pF 3.6 for an irrigation amount of 6 mm, and pF
2.8 and pF 3.6 when irrigating with 30 mm. An additional area of
high WP appears when irrigating 3 to 6 mm and below a threshold
of pF 2.5, which shifts further to 6 to 12 mm at a 48-h irrigation
interval (Table 3). In general, soil tension threshold values lie
beyond the measurement range of commonly used tensiometers,
which are therefore not feasible to use.
The simulation study proved to be successful with regard to
assessing parameters for effective setups of DI systems. The tested
Daisy model, however, tended in another study to underestimate the
impact of very high water stress (Kloss et al. 2012). Thus threshold
values above pF 3.5 should be subject to further investigations.
It is also possible to convert soil-water tension thresholds into
soil moisture thresholds by using the soil-water retention curve.
The advantage is that soil-water tension sensors such as the pF me-
ter can be costly, whereas sensors that detect soil-water contents are
often more cost efficient.
Summary and Conclusion
This study focused on investigating parameters for implementing
effective setups of DI systems with very high soil-water tension
threshold values. For this purpose, a new sensor for measuring
soil-water tension with a measurement range from pF 0 to pF 7
was tested for its applicability in sensor-based DI systems and suit-
ability for irrigation control. A combined approach was used to
overcome the limitations of mere experimental investigations by
complementing such an experiment to modeling and simulation
with a verified crop growth model. This allowed for a more sys-
tematic investigation of the DI system and drawing more general
conclusions regarding that system than made possible from irriga-
tion experiments only.
The study consisted of three parts. In a preliminary experi-
ment, that sensor was employed in a DI system in which drip-
irrigated maize was grown in containers and intensively monitored.
Collected data from that experiment were used to calibrate the
crop growth model Daisy, which was then part of a systematic in-
vestigation of the parameters of that DI system and their impact
on WP.
The experiment showed that the pF meter has a high potential
for sensor-based DI systems and is a promising candidate to be
used for irrigation control. The sensor performed satisfactorily de-
spite the statistical limitations of the experimental design. This
could be shown by the achieved high WPET. Accordingly, soil-
water tension thresholds that lie well beyond the measurement
range of commonly used tensiometers are not only feasible but also
suitable for irrigation control in sensor-based DI systems. Their de-
termination by a crop growth model give first indications about in
what range such thresholds are reasonable.
However, this study needs validation and is therefore limited
with regard to exact values of derived tension thresholds. Con-
ducted experiments can only be viewed as a first step because they
are statistically limited. Climatic boundary conditions differed
Table 3. Values of Soil-Water Tension Threshold and Irrigation Amounts per Application for Different Minimal Irrigation Intervals Where Highest WP Can
Be Expected for the Investigated CC and OC Scenarios
Minimal
CC OC
Tension threshold
Irrigation amount (mm)
Tension threshold
Irrigation amount (mm)Irrigation interval (h) Lower Upper Lower Upper
4 3.0 3.7 3–30 2.5–3.1 3.7 1–30
24 2 3.6 5–30 2.5–2.8 3.6 6–30
48 2 3.6 8–30 2.5–2.8 3.6 12–30
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significantly between field and greenhouse. Depending on water
availability, rooting depth for maize may not be limited to
70 cm, which would further diminish the effects of suffered water
stress under fieldlike conditions. Drip-irrigation systems also in-
volve two-dimensional processes (water transport and distribution
in the soil) and can only be approximated in one-dimensional
modeling.
Hence, further work and research will include a validation of the
experiment to improve the representativeness of the approach. Em-
ploying more sensors for observation as well as more replicates
would improve the statistical significance of the findings and allow
for including more design parameters such as the sensor depth for
irrigation control. The transferability from container experiments to
field application as well as employing two-dimensional modeling
to simulate water movement and root water uptake realistically
should be the focus. Uncertainties from climate variability have
to be addressed as well (Schütze and Schmitz 2010). All these mea-
sures would enable deriving more precise values of soil-water ten-
sion thresholds and could provide a guideline in future application.
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